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Increasing crop production is an inevitable demand of current growing population all 
over the world. Implementation of field crop practices potentially enables farmers to achieve that 
desired increase in crop production estimated to be a 60% increase compared to current 
condition. The CERES-Rice model in DSSAT was used for this study in order to provide the 
water stress impact on crop production, and best management strategies to improve the rice 
yield, followed by the calibration and validation with collected field experimental data. Ten-
years (2006-2015) of field experimental data were collected from the CIMMYT (International 
Maize and Wheat Improvement Centre)-BISA (Borlaug Institute for South Asia), Pusa, Bihar, 
India, research farm for calibration and validation of the CERES-Rice model. Predicted change 
in climate has significant impact on rice production in Bihar, and thus, will affect food security 
issues in India and other developing countries. Since rice is the primary food for the majority of 
Indian people, the focus of this study was to predict the changes in the (a) rice yield and 
phenological growth, and (b) irrigation water requirement for current yield level as well as 60% 
increase in rice yield by 2050s (2050-2059) as affected by climate change in the state of Bihar.  
The genetic coefficients were developed for the rice variety, Rajendra Mahsuri 
(predominantly used by more than 90% rice farmers in Bihar), and used for validation of the 
model. The normalized root means square error (RMSEn) and d-index values were obtained to 
be 2.73% and 0.62, respectively, for prediction of yield with a model performance efficiency of 
75%. The crop model simulation for water stress during vegetative and maturity phase showed to 
decrease in rice yield by 24% and 33%, respectively, from measured data. However, the water 
stress during reproductive stage showed the highest reduction in the yield by 43%. Considering 
the management strategies, where farmers do not need to invest a large amount of resources to 
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increase the rice production, some factors were assessed by sensitivity analysis of the CERES-
Rice model. The optimum transplanting date was found to be during the month of June to 
achieve the highest yield of Rajendra Mahsuri rice. Incorporation of crop residue up to 2500 
kg/ha would increase the yield by 22%, compared to the management practices where no residue 
is applied in the field. Additionally, row spacing of 20 cm increased rice yield by 16-18%, 
compared to the yield obtained at spacing of 5 cm, and for maximum yield, optimum planting 
depth was found to be 2 to 4 cm. Keeping a ponding depth of 4-6 cm during crop duration would 
aid in maximizing the rice yield by 10-15%.  
To study the climate change impact on rice yield and water requirement, four GCMs 
were used for all four climate change scenarios (RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5). The 
projected changes in climatic variables showed the change in future climate during 2020-2059 
from baseline period (1980-2004). A Taylor diagram was constructed to analyze the relationship 
between the historical observed and simulated climate data; Mann-Kendall trend test for climate 
data of each GCM revealed the trend in climate from 2020-2059 for the climate change scenarios 
(RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5). Further, in order to increase the rice production by 
60% during the 2050s, the irrigation requirement for all four climate change scenarios was 
computed based on the percentage of yield productivity from irrigation water. The results 
showed that the precipitation amount increased from 2020 to 2059, and hence, the irrigation 
requirement was predicted not to be as much higher as one would expect for a 60% increase in 
crop yield. Yield increase by the year of 2059 also partly accounted by an increase in CO2 
concentration as predicted by all climate change scenarios. We investigated several strategies, 
such as conservation agriculture (direct-seeded rice with residue application) and reduction of 
post-harvest loss, to reduce the water requirement to produce 60% more rice by 2059. Moreover, 
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if we combine both conservation agriculture and removal of 30% of postharvest losses, the 
irrigation requirement would be reduced by 26% (45 to 19%), 20% (44 to 24%), 21% (43 to 
22%), 22% (39 to 17%), and 20% (41 to 21%) with current, RCP 2.6, RCP 4.5, RCP 6.0 and 
RCP 8.5 conditions, respectively.  
The assessment on rice production with default value of CO2 concentration (400 ppm) 
during 2020-2059 demonstrated a decrease in rice yield and phenological days, but increase in 
water demand. The increase in water demand was found due to reduction in CO2 concentration, 
which increases the water use efficiency. Larger the differences between default and changed 
CO2 concentration (as predicted by the climate change scenarios), larger were the deviations 
between all the outputs. During 2050s, the maximum reduction in yield was 23% with RCP 8.5 
and the lowest reduction of 15% was observed with RCP 2.6. Similarly, water demand increased 
due to decrease in CO2 concentration. The maximum decrease in phenological days was 
estimated to be 14 days with worst-case scenario (RCP 8.5).  
Since most farmers in the state of Bihar only produce Rajendra Mahsuri rice variety, this 
information can help in planning for maximizing production of this rice variety and decreasing 
water requirement strategies in the state of Bihar, India and similar other locations, where water 
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Food security is a big concern globally. The rising global population will demand 
increase in the global food production between 60% to 100% by 2050 (GFFA, 2015). Rice is a 
staple food for nearly half of the whole world’s population. Anzoua et al. (2010) estimated that 
rice production needed to be increased by 1.6% per year to meet global food demand by 2030. In 
Asia, 137 million hectares of farmland are used for rice cultivation, which is 88.9% of the total 
land utilized for agricultural production on the continent (FAO, 2010). 
India is a major rice producing country in Asia, where rice is consumed by 65% of the 
population (Nethaji Mariappan et al., 2008). In Bihar, a state in India, about 89% of the 
population live in rural areas (Salam et a., 2013) with an average income of the farm family as 
less than $1.25 per day. It is the 12th largest state in India, which spreads in 94,163 sq. km. The 
state of Bihar is 3rd in terms of population in the country (115.2 million), where rice is highly 
consumed of 72 kg/person/year and is produced at 43% of gross cultivated area (Kumar et al., 
2016). With cultivation of rice in almost all 38 districts of Bihar, it is the sixth largest rice 
producing state in India, using 3.3 million hectares of land for rice production, accounting for 7% 
of the national rice production (Kumar et al., 2016). However, the rice growing area has 
decreased from 3.6 million hectares to 3.3 million hectares in the last six years, due to 
industrialization and urbanization. The rice production in Bihar has shown an increase of 15.45% 
during 2015-16, compared to the year 2013-2014. The rice production in Bihar during 2015-16 
was recorded to be 6.80 million metric tons, with an average productivity of 2104 kg/ha (Ahmad 
et al., 2017).  
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Despite a large area is being used for rice production, more than 60% of the rice 
cultivated area has very low productivity. Furthermore, around 33% of rice lands depend on 
irrigation water, while the remaining 67% land is dependent upon rainfall. Inadequate 
understanding of water stress conditions at different rice growth phases and the lack of 
knowledge about how to optimize water negatively impact the farmer’s economic viability in 
Bihar (Singh and Khan, 2002; Rasul and Sharma, 2016). They also suffer because of the 
unavailability of inexpensive proper management methods and practices that restrict them from 
obtaining maximum rice production. 
In order to provide the best management practices for rice production, crop models are an 
alternative tool that simulates crop growth and yield by using soil, irrigation, fertilizer and crop 
data. Selecting a particular model for a study depends on its application for the specific location 
(Van Bussel et al., 2011; Grassini et al., 2015). Simulation models for crops have been widely 
used to assess changes in the yield on account of various climatic and management factors for 
different regions of India (Behera and Panda, 2009; Lobell et al., 2012). An example of this type 
of model is the Decision Support System for Agrotechnology Transfer (DSSAT) embedded with 
CERES-rice (Singh et al., 2016), which is an appropriate tool to simulate the effect of these 
interactions and deliver the best adaptation techniques to the farmers for achieving optimum 
yield (Corbeels et al., 2016; Urgaya, M. L., 2016).  
The DSSAT was developed by a group of scientists at the international network in 
cooperation with International Benchmark Sites Network for Agrotechnology Transfer Project 
(IBSNAT, 1989).  More than 43 crops have been included in the recent version of DSSAT (v4.6) 
to simulate crop growth and yield using factors like weather, soil, fertilizer, and irrigation, etc. 
The model has also incorporated a bare fallow simulation for various crops (Jones at al., 2003). 
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The DSSAT comprises several crop models, which include CROPGRO family of models, such 
as, SOYGRO soybean (Wilkerson et al., 1983), PNUTGRO peanut (Boote et al., 1986), 
BEANGRO bean models, with other CROPGRO models for tomato, cotton, bell pepper, forages 
and cabbage; the CERES models for cereals (barley, maize, sorghum, millet, rice and wheat) and 
models for root crops (cassava, potato). Due to different processes for soil water and nitrogen 
balance, and to simulate the transplanting effects in rice crop, CERES-Rice model was 
incorporated separately in the DSSAT. Based on soil water availability in each profile, Ritchie’s 
model of soil water balance analysis is used in DSSAT with the drained upper limit (DUL) and 
drained lower limit (DLL) to calculate soil water flux (Ritchie, 1998). Simulation of soil water 
dynamics by DSSAT is mainly based on empirical relationships. 
Climate change is a critically discussed phenomena all over the globe at present (Awal et 
al., 2016). The change in climate will impact the global food security by altering the agricultural 
production (Jena et al., 2016). Since the weather is a decisive factor for agricultural production, 
change in climate will affect the crop growth, yield, and water requirement in the future. The 
global future climate projection by the Intergovernmental Panel on Climate Change presents that 
the average annual temperature is expected to increase by 0.3°C to 1.7°C under RCP 2.6, 1.1°C 
to 2.6°C under RCP 4.5, 1.4°C to 3.1°C under RCP 6.0 and 2.6°C to 4.8°C under RCP 8.5 by the 
end of 21st century (IPCC, 2014). Future climate projection for South Asia by the 
Intergovernmental Panel on Climate Change (IPCC) presents that the average annual 
temperature will increase by 3-6°C and 2-3°C with the worst-case scenario (RCP 8.5) and low 
emission scenario (RCP 2.6), respectively, by the end of the 21st century (IPCC, 2014). Further, 
the change in precipitation will vary for different regions (Gehne et al., 2016). 
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Climate change in India will vary from one region to another and will affect the 
agricultural production. For the state of Bihar, where the livelihood of 80% of the population 
depends mainly on agriculture, it is necessary to assess the impact of future climate on the 
welfare of its people. Thus, analysis of the climate data for the state will provide the insights of 
the use of data for crop production, water requirement and farmers’ livelihood. 
This process of assessing the impact of climate change on agriculture depends on the 
climate data obtained using climate models. These models are computer programmes based on 
the mathematical equations of transfer of energy and materials through the land surface, ocean, 
and atmosphere, collectively (Bonan et al., 2002; Dymnikov et al., 2006). The scientists 
incorporate the factors, such as, land use and land cover, the concentration of greenhouse gases 
and pollutants to the climate models which control the earth’s climate. Further, various future 
conditions are set into the model to project the future climate (Friedlingstein et al., 2006). These 
future conditions are called future scenarios, which are the central decision-making situations 
used by the policy and decision makers to explore the change in climate. These scenarios are 
defined based on population growth, economic development, and advancement in new 
technologies (Meinshausen et al. 2011b; van Vuuren et al. 2011).  Therefore, climate scenarios 
will change during each generation and will need to be modified by policymakers and scientists. 
The IPCC 5th report (IPCC, 2014) brought advanced sets of climate scenarios, considering all the 
aspects mentioned above, called as the Representative Concentration Pathways (RCPs), which 
replaced all the scenarios from previous reports. However, climate change predicted by climate 
models for these scenarios varies from one region to another (Lutz et al., 2016). 
In the long run, climate change is expected to have an impact on food availability and 
water requirement for crop production. Climatic factors - precipitation, temperature, solar 
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radiation and carbon dioxide are the primary cause for altering crop yield. Furthermore, rice is 
grown in 43 million ha area in India, which is around 27% of the total arable land. With the rapid 
population growth in India, which leads to urbanization, land use for rice production is gradually 
shrinking. The climate change will put an additional significant impact on rice production in the 
country. Moreover, as per 2014-15 census by Government of India, Bihar is the 6th largest rice 
producing state in India, and totally depends on the monsoon rainfall for rice cultivation. The 
state has a dearth of resources for agricultural production. Thus, climate change will have a 
profound impact on rice growth, yield and water requirement. Even an inconsiderable weather 
shift will cause a reduction in crop yield (Haris et al., 2013). Therefore, a study of climate 















The overall objective of this study is to investigate the effects of climate change on rice 
production and water use in a humid and hot tropical area (Bihar, India) and to develop 
management strategies for reducing water demand for a sustainable rice production system. This 
study aims to investigate these factors for the state of Bihar in India, where rice is one of the 
main crops produced by smallholder farmers that consist of 80% population in the state. The 
specific objectives of this study are: 
1. (a) to apply, calibrate and validate the CERES-Rice model in DSSAT with observed data 
from long term field studies to predict yield for Rajendra Mahsuri rice variety in Bihar 
(India). The Rajendra Mahsuri rice variety is predominantly used by more than 90% rice 
farmers in Bihar, and therefore, has been used as the prime target for this study. 
(b) to investigate the impact of water stress conditions on rice yield at various growth 
stages for the same rice variety. 
(c) to recommend best management strategies for the highest rice production based on 
model performance. 
2. Based on long-term historical data, analyze the impacts of climatic variables 
(precipitation, temperature, and solar radiation) that would most significantly affect the 
future rice production in Bihar. 
(a) to analyze the variations in historical climate data simulated by various global climate 
models using box and whisker plot. 
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(b) to establish the relationship between historical observed and model-simulated data, 
and to observe the future climate trend from all the four used global climate models. 
(c) to check the consistency of climate data by double mass curve method, before using 
the data in the crop models. 
(d) to project a total future climate change from the baseline period with ensemble of all 
the global climate models. 
3. Based on climate change scenarios, predict the water requirement and rice yield. 
(a) to apply the crop growth model -DSSAT to predict the changes in the rice yield, water 
demand and phenological growth in Bihar, India due to the effect of the projected change 
in climate by 2050s. 
(b) to investigate the change in the irrigation requirement for rice production by 2050s 
with current condition, RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5. 
(c) In order to meet the demand of the growing population by 2050s, the rice yield in 
Bihar needs to be increased, because it is the staple food for the people of this state. 
Therefore, we also analyzed the requirement of irrigation water for a 60% increase in rice 
yield by 2050s. Our approach adapted various management strategies to recommend the 
best management practices in order to maximize the rice production and minimize water 
requirement.  
We investigated the following scenarios for a 60% increase in rice production: 
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(i) to estimate the change in irrigation water requirement for increasing the rice yield by 
60% with current practice, and climate change scenarios RCP 2.6, RCP 4.5, RCP 6.0 and 
RCP 8.5. 
(ii) the change in irrigation water requirement for 60% more yield with conservation 
agriculture with current practice, and climate change scenarios, RCP 2.6, RCP 4.5, RCP 
6.0 and RCP 8.5.  
(iii) the change in irrigation water requirement for increasing the rice yield by 30% (other 
30% increase in yield is assumed to be achieved by removing 30% of postharvest losses), 
and conservation agriculture with current practices and climate change scenarios RCP 
2.6, RCP 4.5, RCP 6.0 and RCP 8.5. 
4.  Analyze the results of this study with the following additional investigation:   
(a) to estimate the impact of CO2 concentration on rice yield, water demand and   
phenology. 
(b) to assess the change in outputs between two methods of estimation – crop model 
simulation with ensemble of GCMs and ensemble of the outputs from the individual crop 
model simulations. 
2.1 Format of this dissertation chapters:  
Objectives 1, 2, 3, and 4 have been discussed in Chapters 4, 5, 6, and 7, respectively. 
Each of the chapters 4, 5, 6, and 7 are written in individual manuscript forms, thereby some 
repetitions of sections on introduction and methodology have occurred in those chapters. The 
dissertation contains general Introduction (Chapter 1), Objectives (Chapter 2), Literature Review 





Diving deep into the insights of various literatures will provide a profound understanding 
of several topics used in this study. Discussion of rice production globally, and locally in India 
and the state of Bihar, availability of land use and water resources for agricultural purposes, and 
climate change impact on crop production is widely covered in this section with establishing the 
correlation amongst them. The necessity of knowing economic conditions of the people of Bihar 
will also lay the foundation for analyzing the interrelations of these issues. Thus, the aim will be 
to know about how these components are related with the rice production, and how to deal with 
the identified problems in the state of Bihar. 
3.1 Food security 
Food security is described as a situation when people will have access to the quality and 
nutritious food, physically and socially for their healthy lifestyle (Parnell and Smith, 2008). The 
insecurity arises when they can not satisfy their hunger and become apprehensive about how to 
fulfill their food demand (Cook and Frank, 2008). The primary reasons for this issue are 
physically insufficient food and worse economic condition, which deteriorates with the time 
factor, for short term and long term. In order to combat this issue in long term, other than the 
involvement of government in developing some strategies, production of foodgrains also need to 
be raised with minimized inputs (FAO, 2017).  
The time factor constitutes population growth which is rising every year and is estimated 
to reach up to 9.6 billion by 2050, causes to aggravate the problem of food scarcity. To feed 
another these two billion people in 2050, we need to increase the food production by 60% 
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(Alexandratos and Bruinsma, 2012). Furthermore, rice is the staple food for developing 
countries, where a large percentage of the 870 million people, who live their life suffering from 
malnourishment, provides half of the calories and a significant proportion of protein from food 
needed for per person dietary requirement (Muthayya et al., 2014). Thus, rice production needs 
to be focused for all the developing countries, by playing a major role in food security issue, to 
meet the future food demand. 
3.2 Global rice production  
Rice is the second highest produced crop globally in terms of cultivable area, after wheat, 
using 158 million hectares for annual production of 700 million tons (Garbach et al., 2014). It is 
the primary food for 3.5 billion people worldwide (IRRI, 2013). Out of 700 million tons of rice 
production globally, 640 million tons of rice are harvested in Asia that uses 137 million hectares 
of land (Redfern et al., 2012). Fifteen countries in Asia account for 90% of the global rice 
production, and both India and China together grow 50% of the total rice production (Muthayya 
et al., 2012). Although China uses the smaller area for rice cultivation compared to India, it 
produces more rice due to high-efficiency irrigation system used during growing season. China’s 
developed irrigation system supports rice cultivation without depending upon rainfall. However, 
half of India’s rice cultivable area depend upon the monsoon rainfall, which affects the yield due 
to variability in precipitation during monsoon season. After these two major rice producers in 
Asia, five countries - Indonesia, Bangladesh, Vietnam, Myanmar, and Thailand - are largest rice 
producers in Asia. These seven countries together produce more than 80% of world’s total rice 
production, and including Philippines, Japan, Pakistan, Cambodia, the Republic of Korea, Nepal, 
Sri Lanka and Laos, Asian countries account for 90% of the world’s total rice production 
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(Muthayya et al., 2012). Rice production for some of the major Asian countries are shown in 
Fig.3.1.  
 
Fig. 3.1. Major rice producing countries globally (Source: USDA, 2015). 
3.3 Description of rice 
Rice plant, an annual grass, belongs to the genus Oryza of Poaceae family. Out of 24 
species in this genus, Oryza, only two species, Oryza sativa and Oryza glaberrima, can be 
consumed (Vaughan, D. A., 1994). The remaining species belong to the wild grass family. Oryza 
Sativa is an Asian rice species, and Oryza glaberrima is cultivated only in the regions of South 
Africa. The rice species, Oryza Sativa, is further divided into three sub-species, indica, japonica, 
and javanica, based on the favorable climate for their cultivation (Londo et al., 2006). The indica 
variety suitable to grow in the tropical and sub-tropical climate is cultivated extensively in 
South-East Asia and Southern China (Londo et al., 2006).  
Various climatic conditions are favorable for rice cultivation. However, the regions 
having humid climate, prolonged sunshine, optimum temperature and sufficient water supply are 
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proper for maximum production of rice. The pH of the soil lies between 5 and 9, and it has low 
permeability, suit best for growing rice (Chauhan et al., 2017).  
3.3.1 Development stages of the rice plant 
The growth and development of the rice plant is divided into three stages: vegetative, 
reproductive and maturity stage (Fig. 3.2) (Dunand & Saichuk, 2001; NARI (National 
Agriculture Research Institute), 2001; Moldenhauer and Slaton, 2001).  
i. Vegetative stage: The period between germination and panicle initiation is called 
vegetative stage. This stage observes the emergence of leaves, development of tillers and gradual 
increase in plant height. After emergence of roots and shoots from the seed, seedlings initiate to 
grow and continue till the first tiller appears. During the last days of tillering in the plant, the 
stem starts growing and stops further lengthening just before panicle initiation. The length of this 
stage varies between 55 and 85 days, depending upon the rice variety.  
ii. Reproductive stage: The duration between panicle initiation and flowering in the rice 
plant is called reproductive stage. The elongation of culms, heading, and flowering are 
indications of this stage. Heading stage can be identified with fully visible panicles, and at the 
end of this stage, flowering begins in the rice plant. The length of the reproductive stage is 
approximately 30 days in rice plant. 
iii. Maturity stage: The period of flowering to maturing grains is called maturity stage. 
This period observes the increase in grain size, weight, change in grain color from green to gold, 
and leaves senesce. The duration of this stage is 30 days usually but varies from 15 to 40 days 
depending upon the grown varieties. Temperature and sunlight play an important role during this 
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period because grain filling and grain weight depends upon the carbohydrates produced during 
this period.   
 
Fig. 3.2. Growth stages of rice plant (Source: IRRI, 2013). 
3.4 Rice production in India  
India is located in north of the equator between latitude of 804’ to 3706’ N and longitude 
of 6807’ to 97025’ E. According to the World Population Prospects 2017, it is the second largest 
country in the world with the population of 1.35 billion, and seventh largest country in the world 
with the land area of 3.28 million square km. Around 30% of the population lives in the urban 
area, and 54.6% of the total population depends on agriculture for their livelihood (Arjun, K. M., 
2013). Rice is a staple food for the people of India, contributes 20% to the global rice production 
and accounts for 27.1% of the total rice cultivable area in the world (Singh et al., 2013; Ahmad 
et al. 2017).  People from the southern and eastern region of the country consume it as a daily 
meal. The rice cultivation in India covers one-fourth of the total agricultural area and provides 
food to 65% of the Indian population (Mohapatra et al., 2013). The rice varieties that are 
14 
 
produced in India fall under the sub-species indicia (DRD, 2014). India produces 106.54 million 
tons and uses 43.95 million hectares of the area for this production (Agricultural Statistics at a 
Glance 2014, Government of India, 2015). Table 3.1 shows the state-wise rice yield, production, 
and their cultivation area. 
Table 3.1. Area, yield and rice production for the states in India (Source: Agricultural Statistics 
at a Glance 2014, Govt. of India, 2015). 
 
In India, rice is grown under different climate at various altitudes. Thus, three rice 
growing seasons used for the rice cultivation are (IRRI, 2016; TNAU, 2016; Subash and Ram 
Mohan, 2012; Guiteras, R., 2008):  
 i. Rabi or Summer season: This is also called Boro rice in Assam and West-Bengal. 
This rice is sown between November and December and is harvested between May and June. 
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ii. Kharif or Winter season: This season of rice cultivation is also called Agahani in 
Bihar. Rice in this season is sown between June and July and is harvested between November 
and December.  
iii. Pre-Kharif or Autumn season: This season of rice cultivation is also called Bhadai 
in Bihar. Rice in this season is sown between March and April and is harvested between June 
and July.  
Kharif is the primary rice growing season in India, because this season carries the 
monsoon rainfall and help the farmers saving large amount of money on irrigation application. 
Only 59% of the total rice grown area in the country has the access to full irrigation facility, 
shows the importance of wise use of water for crop cultivation (Directorate of Rice Development 
(DRD), Govt. of India, 2014). 
Furthermore, rice has the capability to grow under all soil types including alkaline and 
acidic soils. Therefore, India has been divided into five rice growing regions based on soil and 
climate conditions (Meera et al. 2014a): 
i. North-Eastern region: In this region, rice is grown under the rainfed condition, 
because it receives abundant rainfall. It comprises eight states of India: Assam, Meghalaya, 
Arunachal Pradesh, Manipur, Mizoram, Nagaland, Sikkim, and Tripura. In Assam, rice is 
cultivated in the basin of Brahmaputra river. 
ii. Eastern region: Bihar, Jharkhand, Eastern Uttar Pradesh, Chhattisgarh, Madhya 
Pradesh and Orissa are the states come under this region. Rice is cultivated in the basins of 
Ganga and Mahanadi rivers in this region. This region produces rice at very large scale in the 
country. However, rice cultivation in this region almost depends upon the monsoon rainfall. 
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Eastern region is the largest rice growing and rice-consuming area in India, accounts for 63.3% 
of the total rice cultivable area in the country. Despite 35% of total Indian population live in this 
region, their total rice consumption is 49% of total rice production in the country (Thiyagarajan 
and Gujja, 2013).  
iii. Northern region: Northern region consists of Western Uttar Pradesh, Uttarakhand, 
Haryana, Punjab, Himachal Pradesh and Jammu & Kashmir. Due to the low temperature in the 
winter season, only Kharif rice is grown in this region. 
iv. Western region: This region, consists of Gujarat, Maharashtra, and Rajasthan, 
cultivates the rice crop during Kharif season. 
v. Southern Region: Southern rice-growing region, consists of Kerala, Karnataka, 
Andhra Pradesh and Tamil Nadu, cultivates the rice in the delta region of Krishna, Cauveri, and 
Godavari rivers.  
Since rice is grown in diverse soil and climatic conditions, a large variation in rice 
varieties can be seen, different methods of rice cultivation are used, and various approaches of 
soil and water management practices are applied (Sharma et al., 2005). Therefore, four types of 
rice land ecosystems are (Fig. 3.3) (Meera et al., 2014a; Edirisinghe and  Bambaradeniya, 2006; 
IRRI, 1993): 
i. Irrigated rice ecosystem: Irrigated rice land ecosystem has assured irrigation for rice 
cultivation. Rice is grown in the wet season (June-October) when irrigation is used to 
supplement the rainfall. However, rice is also grown in the dry season (November to May), but 
irrigation is used as the main water source during this growing period (Rao et al., 2008). India 
has 22 million hectares area of land under this ecosystem, which is around 49.5% of the total rice 
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growing area in the country (Rice Knowledge Management Portal, India, 2011). Punjab, 
Haryana, Uttar Pradesh, Jammu and Kashmir, Andhra Pradesh, Tamil Nadu, Sikkim, Karnataka, 
Himachal Pradesh and Gujarat are the states where rice cultivation is performed under irrigated 
conditions. 
 
Fig. 3.3. Rice land ecosystems (Source: IRRI, 1993). 
ii. Rainfed lowland rice ecosystem: The water cannot be controlled in this ecosystem 
either it is due to occurrence of flooding or drought conditions. Rainfed lowland rice is grown in 
the eastern region of India, which is around 14.4 million hectares of the total rice cultivable land 
and accounts for 32.4% of the total rice production of the country. 
iii. Upland rice ecosystem: The characteristics of this ecosystem is low-lying valleys, 
steep sloping lands, and drought-prone area. This ecosystem is comprised of Assam, Bihar, 
Orissa, Eastern Madhya Pradesh, Eastern Uttar Pradesh, West Bengal and North-Eastern Hill 
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regions, which cover 85% of the total upland rice ecosystem of India (Rao et al. 2008). The total 
rice grown area under this ecosystem is 6 million hectares, which accounts for 13.5% of the total 
rice cultivable area in the country. 
iv. Flood-prone rice ecosystem: The land area in this ecosystem is subjected to 
temporary or long period of flooding conditions in depths of 50-400 cm. The flood occurs 
between June to November during the monsoon season in India (Mohanty et al., 2013). This 
ecosystem spreads in 4.6% of the total rice grown area and provides a very low yield of 1500 
kg/ha.  
3.5 Description of the state of Bihar 
Bihar, a land-locked state surrounded by West Bengal in east, Uttar Pradesh in west, 
Nepal to its north and Jharkhand to its south, lies in the eastern region of India between latitude 
of 240 20' 10'' - 270 31' 15'' North and 830 19' 50'' - 880 17' 40'' East. The state is situated at 52.73 
m above mean sea level. Bihar is the 3rd most populous state in India after Uttar Pradesh and 
Maharashtra, and in terms of area, it is the 12th largest state having a geographical area of 94.2 
thousand square km (Census, Government of India (GOI), 2011). The population of the state is 
115.2 million, accounts for 8.8% of India’s population (Census, GOI, 2016). In terms of 
population, Bihar is at 12th place in the world (Kumar et al., 2017). The state shows a very large 
difference in population density with Indian average (396 people per square km), by having 
1,218 people per square km area (Central Statistical Organization (CSO), 2017). 
Around 88.70% of the population of the state resides in rural areas, and the majority of 
them depend on agriculture for their livelihood (Census, GOI, 2011). Out of the total population 
depend on agriculture, 72% of the total agriculture workforce consists of agricultural laborers, 
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while only 28% are growers (Census, GOI, 2011). Despite large population involved in 
agriculture and allied sectors, it contributes only 18.1% to the state GDP (Economic survey of 
Bihar, 2016-17), demonstrating the unavailability of resources and lack of advanced technologies 
affect the condition of agriculture in the state. The lower capita income of $214.56, which is 
40.6% of the national average, also reflects the poor condition of the people in Bihar 
(Department of Agriculture, Bihar, 2014). Bihar's per capita GSDP increased from $365.1 in 
2011-12 to $598.3 in 2016-17 (Directorate of Economics & Statistics, Govt. of Bihar, 2017) 
(Table 3.2). However, a large percentage of this increase was generated from industry sector. 
Nevertheless, it is very less compared to other states in India, shown in Table 3.2. Therefore, it 
can be said that the proper economic growth Bihar will not be possible without emphasizing the 
improvements in agriculture and allied sectors. 
Table 3.2. Comparison of Gross State Domestic Product (GSDP) between Bihar and average of 
all states in India (Source: Directorate of Economics and Statistics, Government of Bihar, 2017). 
Parameter Bihar All states 
Economy 2016-17 2016-17 
GSDP as a percentage of all 
states’ GSDP 
2.88 100.0 
GSDP growth rate (%) 12.13 11.69 
Per capita GSDP (US$) 598.29 1,788.95 
 
The state of Bihar is divided into two parts, North Bihar with an area of 53.3 thousand 
square km and South Bihar with an area of 40.9 thousand square km, by river Ganges (Salam et 
al., 2013). The state is endowed with very fertile soil because it lies in the Indo-Gangetic plains. 
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The state lies in the tropical to the sub-tropical region, with tropical monsoon climate and three 
distinct seasons – winter, summer and rainy. The winter season occurs between December and 
February, and temperature in this season varies from 0-10o C. Summer season exists between 
April and June, when maximum temperature sometimes goes beyond 450 C. The monsoon 
season which generally starts in the last week of June and lasts in September, receives the 
maximum rainfall, between 750 mm-1000mm.  
3.5.1 Agro-climatic zones 
The state is divided into three agro-climatic zones, based on the characterization of soil 
types, rainfall, temperature and terrain (Fig. 3.4 and Table A.1 (Appendix A)). The table shows 
the annual rainfall, soil types, net cultivated area and number of districts in three agro-climatic 
zones (Government of Bihar, 2015). 
 
Fig. 3.4. Agro-climatic zones of Bihar (Source: Government of Bihar, 2015). 
Agro-climatic zone I and II is situated north of the river Ganges, and zone III is situated 
south of the river Ganges. Areas of zone I and zone II are affected by the flood, while zone III 
areas affected by drought. Soil types all over the state belong to loam category which is best for 
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crop cultivation. The state of Bihar receives an average annual rainfall of 1297 mm, of which 
large percentage occur in monsoon season (June to September) (Department of Agriculture, 
Govt. of Bihar, 2015).  
3.5.2 Water resources 
Bihar is endowed with ample natural water resources. The occurrence of rainfall and 
rivers flowing within Bihar are an essential source of water for agricultural purposes. The main 
river,  Ganges, flows from west to south, dividing the state into two parts, northern and southern 
part.  The lower Ganges basin covers maximum part of the state, while upper Ganges basin 
covers a small part of the state in the west. The rivers flowing in the northern part of Bihar have 
an origin in the Himalayas, while rivers flowing in the southern part of Bihar enter in the state 
from central India. The rivers spread in north Bihar, such as, Ghagra, Gandak, Budhi Gandak, 
Bagmati, the Adhwara group of rivers, Kamla, Kosi, and Mahananda, originates from Himalaya 
and have a large area of catchment lie in glacier regions of Nepal, and major rivers of Southern 
part of Bihar are Karamnasha, Sone, Punpun, Kiul Harohar, Badua, Falgu, Morhar, Chnadan, 
and Bilasi have origin in central states of India (Department of Agriculture, Government of 
Bihar, 2015). 
In terms of groundwater resources, the state can be distributed into the unconsolidated/ 
alluvial formation, semi-consolidated formations, and consolidated/fissured formations. The 
alluvial formations comprise of very rich aquifers, where the water yield of tube well varies 
between 120 m3/hr to 247 m3/hr. The average depth of aquifer lies between 20 m to 50m. 
However, due to the hard rock surfaces in a few areas of South Bihar, tube well can yield 
between 10-50 m3/hr (Water Related Statistics, Water Resource Department, Bihar, 2015). A lot 
of artisan wells are also found in the sub-terrain region of Madhubani, Sitamarhi, and West 
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Champaran districts. The recommended depth for shallow tube well by the Government of Bihar 
is 40-60 m in Patna, 30-50 m in Gaya, Bhagalpur, and Munger regions of South Bihar. In North 
Bihar, the recommendation for Saran, Tirhut, and Darbhanga divisions are 25-30 m, 27-45 m and 
25-35 m, respectively (Singh et al., 2002). Table 3.4 illustrates the status of groundwater 
exploration in Bihar (Hoda et al., 2017). The northern part of Bihar, where 76% of the total 
population of the state lives, affected by severe flood every year in around 74% of its 
geographical area (Prasad and Routray, 2014). The floods in Bihar affected 4 million hectares of 
cropped area, 71.1 million people and 14.8 million animals, between 2004 and 2013 (Flood 
Management Information System, Bihar, 2014). Table 3.3 shows the groundwater exploration in 
the state of Bihar. 
Table 3.3. Groundwater exploration in the state of Bihar (Source: Mishra, D. S., 2009) 
Dynamic Ground Water Resources 
Annual Replenishable Ground Water 
Resource 
29.19 Billion Cubic Meter (BCM) 
Net Annual Ground Water Availability 27.42 BCM 
Annual Ground Water Draft 10.77 BCM 
Stage of Ground Water Development 39 % 
Ground Water Development & Management 




Irrigation as a significant source of water availability for agricultural purposes is accessed 
from six different major sources in the state – surface canals (major), surface canals (minor), 
tanks (including ahars and pynes), tube wells, other wells and other sources. Among these six 
sources, tube wells and canals are the primary contributors to irrigation in Bihar. Of the total 
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irrigation, tube wells and canals supply the water of 65.9% and 28.6%, respectively. Fig. 3.5 
describes the use of irrigation water from different available sources in Bihar. 
 
Fig. 3.5. Irrigation from various water sources (Source: Directorate of Economics and Statistics, 
Government of Bihar, 2014). 
Out of total 11.7 million hectares of total irrigated area, 5.3 million hectares are irrigated 
through major irrigation projects, 1.5 million hectares through minor flow and 4.9 million 
hectares through the minor lift in irrigation (Hoda et al., 2017). Due to deficit rainfall in some 
parts of the state, the water table is going down, which is shifting focus towards surface irrigation 
through major, medium as well as minor flow projects (Hoda et al., 2017). Moreover, Economic 
Survey of Bihar (2014-2015) also considered the possibility of increasing the irrigation potential 
of 0.8 hectare million out of 2.9 million hectares which were unable to use for due to heavy 
sedimentation and losing the connections from an irrigation canal. Recharging of aquifers 
through various watershed projects can also bring back the water table to its level to restore the 
irrigation potential of lift irrigation of 1.4 million hectares. Fig. 3.6 shows the irrigation status in 
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Bihar up to 2013-2014, according to the Economic Survey of Bihar 2014-2015 and Water-
Related Statistics, 2015. 
 
Fig. 3.6. Potential irrigation sources developed and utilized (million hectares) up to 2013-14 
(Source: Water Related Statistics, Water Resource Department, Bihar, 2015 and Economic 
Survey of Bihar, 2014-2015). 
3.5.3 Energy use  
In addition to the water resources utilization for agricultural purpose, energy use is also a 
significant factor in the state of Bihar because of farmers’ economic condition is below the 
poverty line. The state generates 3,074 MW of electricity, which is less than 1% of total 
generation capacity, 316 GW, of India (Central Electricity Authority, Ministry of Power, 
Government of India, 2016). Thermal power contributes a largest percentage of 89%, 
hydropower shares 4.2%, and renewable energy sources provide 6.6%, to the total power 
generation in this state. Central allocation of power to this state is 86.52%, state sector 
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contribution is 9.12%, and private sector provides 4% of the total energy use in Bihar (Central 
Electricity Authority, Ministry of Power, Government of India, 2016). In 2015-2016, the power 
requirement in the state was 23,960 MU, but the state received only 23, 658 MU, shows a 
shortage in electricity by 1.3%. The per capita power consumption in the state is only 228.8 
kWh, which is 76% less than the national average use of 901.3 kWh. The power supply for 
domestic purposes is 39.8%, industry and commercial sectors access 28.2% and 8.8%, 
respectively. However, agriculture sector only gets access to 6.1% of total power generation, 
which is very less than the agricultural demand (Central Electricity Authority, Ministry of 
Power, Government of India, 2016). 
3.5.4 Crop production 
As it is known, agriculture is the primary source of livelihood for around 88.70% of the 
people of Bihar, cultivation of various crops is performed all the year. Therefore, the proportion 
of land utilized for agriculture purpose is large compared to other states. Table 3.4 presents the 
land use pattern in the state pf Bihar. Cereals are grown at a larger scale in the state compared to 
other food crops. It covers 79% of the gross cropped area (GCA), higher compared to national 
average of 51%. Rice and wheat both together contribute around 70% of the GCA. However, rice 
is mostly grown in Kharif season, and wheat is grown in rabi season (Hoda et al., 2017). Apart 
from Rice and wheat, other crops, such as pulses, vegetables, fruits and cash crops are also 
grown in the state. Table 3.5 and Table 3.6 illustrates the area and production of various crops in 





Table 3.4. Land utilization pattern in the state of Bihar (Source: Directorate of Economics and 
Statistics, Government of Bihar, 2015). 
 





Table 3.6. Production of various crops (Source: Directorate of Economics and Statistics, 
Government of Bihar, 2015). 
 
Rice is a highly consumed food (72 kg/person/year), which is produced at 43% of the 
gross cultivated area (Kumar et al., 2016). With the cultivation of rice almost all 38 districts of 
Bihar, it is a sixth largest rice producing state in India, using 3.3 million hectares of land for rice 
production, accounting for 7% of the national rice production (Kumar et al., 2016). However, the 
rice growing area has decreased from 3.6 million hectares to 3.3 million hectares in the last six 
years. The rice production in Bihar has shown an increase of 15.45% during 2015-16, compared 
to the year 2013-2014. The rice production in Bihar during 2015-16 was recorded to be 6.80 
million metric tons, with the average productivity of 2104 kg/ha (Ahmad et al., 2017). Despite 
large area is used for rice production, more than 60% of the cultivated rice area has very low 
productivity. The major problems with rice production are flash floods and droughts in large part 
of the state. Nevertheless, the state is using a large number of rice varieties to combat these 
issues. There are short duration and drought tolerant varieties, such as Vandana, Tulasi, and 
Rajashree, while, Rajendra Mahsuri, Rajendra Sweta, and Swarna are cultivated in flood-prone 
and submergence areas. Since a large part of the state falls in lowland ecosystem, a long duration 
rice variety is grown, which uses the conserved moisture for the long term. However, short 
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duration variety has the low yield potential compared to long duration variety and also cannot 
use enough moisture from the soil. Therefore, Rajendra Mahsuri, a long duration rice variety is 
suitable for most of the regions of Bihar. 
3.5.5 Post-harvest losses 
Post-harvest losses refer to qualitative and quantitative loss in the food between 
harvesting and consumption. After the harvesting of crop, various stages of processing of grains, 
storage, transportation, etc., cause a large amount of loss in grains. Farmers of Bihar loose 
$23.70 per hectare from their total production because of post-harvest loss (ADM Institute for 
the Prevention of Postharvest loss, 2017). An average estimation of grain losses at each step 
between harvesting to consumption has been provided by International Rice Research Institute in 
2011. It shows that around 1-5% of grain loss occur during cutting and handing in the field. 
Manual threshing of grains causes loss of total food between 1-5%. Drying under the sun causes 
the loss of food in the range of 3-5%, storage reduces the quantity of food by 5-10%, and loss in 
grains during village milling occur between 20-30%. 
3.6 Climate change and its impact on rice production 
3.6.1 Climate change and scenarios 
The Climate of any place is decided based on the average of climatic factors, such as 
precipitation, temperature, solar radiation and humidity over long term period, and average 
change or variability in these factors represented as climate change phenomena (Vijaya Venkata 
Raman et al. 2011). Adding the greenhouse gases to the Earth’s atmosphere, by burning the 
fossil fuels, due to deforestation, change in land use and land cover and other human activities, 
causing the increase in temperature and carbon-di-oxide concentration and varying the 
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precipitation pattern, globally (NASA, 2016). These phenomena, which is called climate change, 
affect the sea level rise due to the melting of snow in Arctic and Antarctica, alters the crop 
production by changing their growth and development pattern, and also cause extreme weather 
events (IPCC, 2007). Thus, Intergovernmental Panel on Climate Change (IPCC) under their fifth 
report disclosed the impact of an increase in the concentration of greenhouse gases on global 
warming and other natural and human activities. The change in global surface temperature, 
greenhouse gases concentration, and sea level are demonstrated in Figs., 3.7, 3.8 and 3.9, 
respectively. 
 
Fig. 3.7. Earth’s global surface temperature variation from 1850 to 2012 (Source: IPCC, 2013b). 
 




Fig. 3.9. Change in global average sea level (Source: Shum and Kuo, 2011). 
Further, a standard set of time-dependent scenarios were developed, in order to predict 
the actual change in climatic factors based on various emission criteria (Moss et al. 2008; Moss 
et al. 2010, van Vuuren et al., 2011a). These developed scenarios are given as input into the 
climate models under World Climate Research Program’s Fifth Coupled Model Intercomparison 
Project (CMIP5) to simulate future climatic projections (Taylor et al., 2009). Thus, a set of four 
new future scenarios, called Representative Concentration Pathways (RCPs), were developed 
based on various assumptions, such as population growth, change in socio-economic condition, 
environmental conditions and social and technological advancements. The RCPs were generated 
from Integrated Assessment Models (IAM) and predicted future concentrations of greenhouse 
gases to give input in climate models (van Vuuren et al., 2011a). These scenarios express the 
additional amount of net radiative forcing or energy (watts/m2) absorbed by the earth due to 
increase in the emission of total greenhouse gases concentration in the atmosphere by 2100. The 
four RCPs describe the change in radiative forcing of 2.6, 4.5, 6.0 and 8.5 watts/m2, known as 
RCP 2.6 (low greenhouse gases emission scenario), RCP 4.5 and RCP 6.0 (intermediate 
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scenario), and RCP 8.5 (high greenhouse gases emission scenario), respectively. The changes in 
radiative forcing for all the scenarios are shown in Fig. 3.10.  
 
Fig. 3.10. Radiative forcing by 2100 corresponding all the four scenarios (Source: Maule et al., 
2017). 
The RCP 2.6, developed by IMAGE modeling team, shows the increase in radiative 
forcing up to 3.1 W/m2 before it returns to 2.6 W/m2 by 2100 (van Vuuren et al., 2007). The RCP 
4.5, developed by MiniCAM modeling team, is an intermediate scenario, where radiative forcing 
will stabilize before 2100, while RCP 6.0, developed by AIM modeling team, shows the 
stabilization in radiative forcing after 2100. However, RCP 8.5 characterized by an increase in 







Table 3.7. Description of all the four Representative Concentration Pathways (RCPs) (Source: 
IPCC, 2014). 
 
3.7 Climate change impact on rice production 
Change in climatic factors will have a significant impact on agricultural production 
(IPCC 2007). This change in climate will, thus, pose a threat to global food security. However, 
the change in production, because of variability in precipitation and CO2 concentration and high 
temperature at the local scale, may increase or decrease the crop yield at different locations 
(Gregory et al. 2005, IPCC, 2007, Rojas et al., 2014). The rise in temperature causes the water 
stress in a plant, and additional decrease in solar radiation and precipitation with high 
temperature affect the photosynthesis process (Gregory et al. 2005; Ingram et al. 2008).  
Since rice is the staple food for the people of Bihar, climate change will have a 
significant impact on the total production in the state. Rice, a C3 plant, is suitable to be grown in 
the humid tropics, with sufficient rainfall of 650 mm or more. It needs an optimum temperature 
for proper growth and development, exceeding that limits affect the crop yield (Hatfield and 
Prueger, 2015). The optimum temperature during the whole crop period should lie between 25 oC 
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to 35 oC, which supports the plant in maximum dry matter accumulation (Ghadirnezhad and 
Fallah, 2014).  
3.7.1 Relationship of temperature and yield 
During the nine growth stages in rice plant, the temperature should be within the 
optimum limit for proper physiological growth (Yoshida, 1981). Extreme temperature, whether it 
is high or low, affects the plant growth adversely and reduces the yield. If temperature exceeds 
the optimum limit, it affects the seed germination, causes spikelet sterility, reduces the number of 
tillers and panicles, and decreases the number of grains and grain weight. Consequently, high 
temperature causes a significant reduction in rice yield (Krishnan et al. 2011; Liu et al. 2013). 
Further, if plant suffers the extreme cold, number of seedlings and tillers get reduced during 
vegetative stage, during reproductive stage, panicles sterility take place, and maturity phase 
observes the decrease in number of grains and increase in unfilled grain percentage (Ali et al., 
2006; Farrell et al., 2006; Shimono et al., 2010).  Table 3.8 shows the low, high and optimum 
temperature ranges for rice plant.  




3.7.2 Relationship of precipitation and yield 
Rainfall is an essential factor for rice cultivation because rice needs a large amount of 
water during its whole life cycle. However, due to variation in rainfall in Bihar during monsoon 
season, irrigation is also required at some interval. Thus, growth and development of rice 
principally depend upon temperature and solar radiation (Yoshida, 1981). Water stress during the 
vegetative stage, reduces the plant height, tiller number, and leaf area, while reproductive stages 
decreased the number of panicles and filled grain percentage (Rahman et al., 2002; Sarvestani et 
al., 2008; Pirdashti et al., 2016). If the plant does not get enough water during maturity stage, the 
grain number and grain weight get affected (Pirdashti et al., 2016). Although rice plant needs to 
have a ponding depth during its whole period, excess water deteriorates the rice yield. Primarily, 
ponding is maintained in the rice crop because of preventing the growth of weeds. Nevertheless, 
proper water depth of 3 cm at least in the rice filed should be maintained according to the plant 
height (Jha et al., 2017). The insufficient ponding depth causes the adverse impact on tillering 
and decreases the photosynthetic leaf surface area (Yoshida, 1981). 
3.7.3 Relationship of solar radiation and yield 
The incoming radiation from the sun after entering the earth’s atmosphere is absorbed, 
reflected and scattered in the atmosphere by clouds, gases, and aerosols. Therefore, incident solar 
radiation is the total sum of direct radiation and diffused radiation (Yoshida, 1981). The decrease 
in solar radiation, thus, happen because of increase in greenhouse gases concentration in the 
atmosphere, which absorbs it before reaching the earth surface. Solar radiation is necessary for 
the plant to perform a photosynthetic process, and also brings energy to the metabolic process of 
the plants. Thus, if rice plant gets insufficient solar radiation, metabolic growth and physiology 
will be affected.  The decrease in solar radiation during vegetative phase will not have any 
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significant impact on crop growth but will observe a very small decrease in yield (Evans and De 
Datta, 1979). However, reduction in solar radiation during reproductive phase will reduce the 
spikelet number (Sahu et al., 1983). Additionally, decrease in radiation during maturity phase 
will significantly reduce the yield by affecting the number of filled spikelets (Seshu and Cady, 
1984). Therefore, decrease in solar radiation has larger impact on reproductive stage and a small 
impact on vegetative stage (Yoshida, 1981).  
3.8 Details on the crop growth model, DSSAT 
DSSAT, a crop growth model, simulates the growth, development, and yield of a single 
or multiple crop production systems using soil, weather, genetics and management data for a 
season or various seasons at different places with minimum inputs (Jones et al., 2001). The 
model has facility to simulate the crop rotations with minimum inputs, and also provides 
management strategies to culativate the crop for maximum production (Salam et al., 2001). It 
also plays a vital role in evaluating the effect of conservation agriculture (CA) practices, such as 
no-till and mulching on the soil properties, plant development and crop yield.  
There are specific features available in the DSSAT which make it unique compared to 
other crop models: (i) to compare with each model, various components can be incorporated or 
disconnected with minimal effect on the main program, (ii) models written in different 
programing language can also be connected with this model, and (iii) it’s unique structure to put 
livestock with various modules (Jones et al., 2003). Since different crops are cultivated (planting, 
management, harvesting) as according to cropping systems on same soil and its process, DSSAT 
uses a mono code for all crops to use the same soil model components. The DSSAT introduced 
various applications with a different mode of operations. The sensitivity analysis of parameters 
and comparison of simulated vs. observed data are performed with the basic mode of operation. 
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The second mode of operation simulates the crop for many years of weather data with the same 
soil condition. The second mode also predicts the crop growth, if weather conditions are 
unknown while soil conditions are known. The third mode of operation simulates for crop 
rotations for many years with initialized soil conditions, and various crops are simulated for 
several land management practices with the fourth mode of operation (Hoogenboom et al., 
1999).  The model has two weather generators, WGEN (Richardson and Wright, 1984) and 
SIMMETEO (Geng et al., 1986, 1988), where each has two programs for computing weather 
coefficients and generating the weather data. Further, the model includes genetic coefficients that 
represent the particular cultivar traits affecting the growth phases and yield based on their 
interaction with environment. These coefficients include daylength sensitivity traits, vegetative 
and reproductive traits, and life cycle phase durations (Jones et al., 2003). 
The CERES rice model of DSSAT version 4.6, which integrates around 46 crops, 
simulate crop growth, development, and yield using soil, weather and crop management data 
collected from a field experiment (Liu et al., 2011; Ghosh et al., 2015). The model uses air 
temperature to calculate the soil temperature, and average annual air temperature and the 
amplitude of monthly mean temperatures are used to compute deep soil temperature boundary 
condition. Ritchie’s model is used to compute the soil water balance, where drained upper limit 
(field capacity) and drained lower limit (wilting point) is conceptualized for available soil water 
(Ritchie, 1998). Infiltration in the soil is computed by subtracting runoff from the sum of 
precipitation and irrigation for a single day. Tipping bucket approach is used to calculate the soil 
water drainage, and the SCS method (Soil Conservations Service, 1972), based on curve number, 
is applied to compute the runoff, with a modification of considering the wetness of soil at the 
time of rainfall (Williams et al., 1984). The model has two methods, Priestley-Taylor (Priestley 
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and Taylor, 1972) and FAO-56 Penman-Montieth (Monteith, 1986), to calculate potential 
evapotranspiration.  
The daily crop growth of plant and yield are calculated by employing a carbon balance 
approach in a source-sink system (Ritchie et al., 1998) using Equations 3.1 and 3.2, respectively. 
 𝑃𝐶𝐴𝑅𝐵 = 𝑅𝑈𝐸 × 𝑃𝐴𝑅 × [1 − 𝑒(−𝑘×𝐿𝐴𝐼)] × 𝐶𝑂2 (3.1) 
Where, PCARB = Potential growth rate in plant (g), RUE = radiation use efficiency (gm dry 
matter/MJ-1), PAR = Photosynthetically active radiation, K = Light extinction factor, LAI = 
Maximum leaf area index, CO2 = Carbon dioxide concentration (ppm). 




Where, Y = grain yield as dry matter in g-2, IH = harvest index, 𝜂𝑅 = the value of the RUE in  
g MJ-2, 𝑄𝑑𝑃𝐴𝑅𝑖 = average daily total of incident PAR in MJm
-2, 𝑅𝜂= number of days of radiation 
interception,  ݂  𝑓𝑖= fraction of PAR intercepted, ΔRi = fraction of the maximum RUE depending 
on crop performance, in gMJ-2, N is the number of months. 
3.8.1 Strengths and limitations of the DSSAT model 
DSSAT requires very lesser numbers of data for soil, crop, weather and management files 
to simulate crop growth and yield. To make the strategies for a longer duration, such as 30 to 40 
years of the period, the model can generate the weather data using incorporated weather 
generator, if weather data is unavailable. Genetic coefficients are given as input to the model for 
a different type of cultivar, which is calculated using a genetic coefficient calculator 
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(GENECALC) by provided crop experimental data into the model (Anothai et al., 2008). These 
genetic coefficients are unique for each cultivar based on specific location. 
The model is able to simulate seasonal, single and sequential cropping. DSSAT is very 
much appropriate for the study of phenological stages. The effects of CO2 simulation on crop 
growth is the most valuable process in the DSSAT, since high CO2 levels increase the 
photosynthesis rate with reducing the stomatal apertures, and helps to escalate the water-use-
efficiency in the C3 crops (Wu et al., 2016). Studying together the management practices, genetic 
options and impact of climate change on crop production available in the DSSAT make it 
exceptional decision-making tool for strategic analysis to combat adverse climatic situation for 
food production. Further, the pest damage analysis was also included into the CERES models of 
DSSAT v4.5. To calculate the effects of soil nutrients on the crop growth, a soil fertility factor 
has been used in the model. The inclusion of GIS in the model makes the use of DSSAT very 
widely. Moreover, detailed analysis with organic matter and mulching was included in DSSAT 
to know the effect of mulch layer on infiltration and run off losses, soil evaporation losses and 
soil water holding capacity increased with organic matter. Further, paddy management option 
enables the model to simulate the rice crop in lowland flooded condition (Hoogenboom et al., 
2010). 
DSSAT contains few limitations, which should be considered before using the model for 
our purposes. The primary issue with the model is that it requires daily weather data, which is 
difficult to obtain and for climate forecasting it needs to be downscaled, and that facility is not 
available in the DSSAT (Han et a., 2017). The effect of soil erosion and the impact of specific 
fertilizers on soil acidity and crop growth performance have not been included in DSSAT. In 
addition, the DSSAT needs measured soil parameters because it cannot calibrate them. The 
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model simulation for drainage is also very poor, which affect the crop growth due to oxygen 
stress (Ritchie, 1998). However, to adjust this issue in DSSAT, model needs to remove the 
assumption of considering the boundary condition of well-drained soil. Further, the effects of 
pest, weeds, diseases and nutrient limitations with climate change impacts on crop growth and 
yield are not well simulated by DSSAT. It also does not consider many micronutrients and 
macronutrients for crop growth. DSSAT also fails to simulate intercropping systems. The pest 
damage analysis is limited to only a few crops like maize, sorghum and millet. The Model is 
unable to simulate the effect of P and K fertilizer on crop growth and yield. The applications of 
herbicides and pesticides have been added into the model, but it doesn’t simulate their effects on 
cropping systems (Jones et al., 2003).  
3.8.2 Study using DSSAT globally 
DSSAT has been used by many scientists to analyze the effect of various weather 
conditions and crop management factors on crop production Africa (Thornton et al., 2011). Faria 
et al., (2003) studied the ability of soil water balance module (SWBM) of DSSAT with collected 
soil moisture data from bare soil and dry bean fields in Parana, southern Brazil. The soil of this 
region is dark red latosol with good drainage and high clay and low carbon content. Soil water 
balance module was evaluated with two modified approaches in DSSAT. The Darcy’s equation 
was used for the first approach to quantify soil water flux (SWBM-D) in each layer. However, 
root water uptake equation for the second approach used the unsaturated hydraulic conductivity, 
Ko, in the (SWBM). The performance of SWBM module at lower depths was not good in both 
the conditions of bare soil and dry bean plots. The model lacked in good agreement because of 
the insufficient method to quantify soil water flux and root water uptake. SWBM-D was 
performed accurately to predict soil water flux in bare soil. However, in the cropped condition, it 
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predicted very realistic soil water flux in each profile but reduced the crop yield by 50%. 
Nevertheless, the crop yield was improved by modified root water uptake approach, but the 
maximum value of root water uptake was attained only with top layers. Therefore, it was 
suggested that analyzing the root water uptake with modifications made in hydraulic 
conductivity was not proper for the soil of this study area. As it is a well-known fact that crop 
cultivar parameters are important characteristics to make the strategy to improve crop yield, but 
it was very difficult to predict the production of crop yield due to unavailability of cultivar 
parameters in Tanzania (Hoogenboom et al., 2010). 
Sensitivity analysis of DSSAT provides the data those are more influential for the output 
results. Dejonge et al., (2012) performed a sensitivity analysis on CERES-Maize v4.5 for five 
years of full and limited irrigation treatments, which utilized the Morris one-at-a-time screening 
and Sobol’ variance-based methods. Morris sensitivity analysis showed that Anthesis day 
(ADAY) and Maturity day after planting (MDAY) were more sensitive for the P1 (Thermal time 
from emergence to end of juvenile) in both the treatments of full and limited irrigation. Total leaf 
number per stem (LNS) was higher sensitive for Phylochron interval (PHINT) in both treatments 
of full and limited irrigation, while P1 was more sensitive input for Maximum leaf area index 
(LAI). Additionally, the yield of maize crop was found to be more sensitive to the Radiation use 
efficiency (RUE) in both treatments. All the cultivar coefficients were other more sensitive input 
parameters for crop yield. Further, soil parameter, soil lower limit (SLL) was also sensitive input 
parameter for the yield with limited irrigation. In more interesting manner, the sensitivity of 
cumulative evapotranspiration (ETC) was rather different in both irrigation treatments. ETC was 
most sensitive to SLDR (drainage rate) with full irrigation. However, SLL was the most sensitive 
input parameter found with limited irrigation. Under the Sobol’ variance method, output 
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responses, ADAY, MDAY and LAI was found more sensitive towards the input parameter, P1 in 
both full and limited irrigation treatment. The sensitivity of yield, ETC was observed as same like 
Morris sensitive method in both treatments.  
Model development under water stress condition and sensitivity to water stress could be a 
profound analysis with the CERES-maize parameter in future. The sensitivity of CERES-Rice 
model for three different cultivars (Prithvi hybrid, Masuli (HYV) and Sunaulo Sugandha) with 
four level of nitrogen (40, 80, 120 and 160 kg/ha) was analyzed in Chitwan, Nepal by Lamsal et 
al., (2013). The input weather parameters were chosen to figure out the impact on Rice yield. It 
was found from the results that maximum and minimum temperatures had a significant effect on 
yield variations of various Rice varieties. The yield of Masuli (HYV) was reduced by 34 to 77% 
when temperature increased by 40 0C, and decreasing temperature made increase the yield of the 
same variety of Rice crop by 27 to 48%. Nonetheless, combination of several weather parameters 
provided other aspects of observation for all varieties, like decreasing the maximum and 
minimum temperature by 4 0C and simultaneously increasing the CO2 concentration and solar 
radiation by 20 ppm and 1 MJ/day/m2 showed increase in Rice yield for Prithvi, Masuli and 
Sunaulo Sugandha by 62, 41 and 42 %, respectively. The observation of sensitivity revealed that 
light stress was the main cause to reduce total biomass, yield and yield components, and 
additionally, increasing CO2 concentration and solar radiation along with decreasing temperature 
extended the crop duration and gave higher yield. Sensitivity analysis of the three crops (Maize, 
Cotton, and Peanut) showed that Max RUE and LAI parameters were highly sensitive biomass 
and grain yield irrespective of locations and crops (Dzotsi et al., 2013). Crop duration parameters 
act as sensitive parameters for seasonal length of crop growth models (Pathak et al., 2007). 
Sensitivity analysis of four crop models (DSSAT, INFOCROP, STICS, and APSIM) predicted 
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lower yield as temperature progressed from baseline to higher temperature across 360 ppm of the 
CO2 level. However, APSIM response yield was higher than DSSAT at a higher temperature, but 
STICS prediction was lower amongst all four models, it went to zero yield at +6C. Study also 
showed that high temperature caused the higher water demand for plants because of increased 
evapotranspiration. 
Ngwira et al., (2014) performed the experiment to know the ability of DSSAT to predict 
maize yield for conventional tillage (CT) continuous maize, conservation agriculture (CA) 
continuous maize and CA maize-cowpea rotation on an Oxicrhodustalf in Malawi (South 
Africa). They found that CA maize-cowpea rotation produced 1335 kg ha-1 greater yield than CT 
continuous maize with simulations for a longer duration. Moreover, larger variation in yield 
(3131-5023 kg/ha) was observed with conventional tillage (CT) than all CA practices (3863 kg 
ha-1 and 4905 kg/ha). The higher negative errors were observed for maize-cowpea rotation for 
the longer duration, which emphasized that DSSAT simulations of CA were reasonably good 
with no-till and crop residue retention, but it has certain limitations to predict the yield with 
maize-legume rotations. They pointed out about the development of rotation module in the 
DSSAT.  
CERES-Rice model for assessment of rice production India is used extensively. A study 
carried out in Odisha, India by Ghosh et al. (2015) evaluated the capacity to predict rice 
production using forecast scenarios at various temporal scales in the monsoon season. The 
difference between potential and actual crop yield, attainable and actual yield, and potential and 
attainable yield is estimated as total yield gap, management gap, and sowing gap, respectively. 
The computation of these yield using CERES-Rice model was found to be affected by sowing 
dates for various rice growing locations in India (Singh et al., 2016). Mote and Kumar (2016) 
43 
 
studied the effect of varying levels of Nitrogen on rice growth and development using the 
CERES-Rice model for the state of Gujarat, India. Sassendran et al. (1998) used the CERES-
Rice model v3.0 for the agroclimatic conditions of Kerala, India. They developed the genetic 
coefficients for the rice cultivar, Jaya, and suggested to apply the model to various management 
practices in rice from larger production to lower production areas. In addition, the model 
evaluation was performed by Singh et al. (2007) to calculate crop productivity and predict 
management strategies for Kashmir, India. Further, Sharma and Kumar (2005) conducted a study 
for North Himalayan regions of India and derived genetic coefficients for four varieties (RP-
2421, HPR-1064, HPR-2027 and Naggar Dhan) of rice cultivar with a good model prediction for 
grain yield. An experiment for long and medium duration rice varieties was conducted for the 
state of West Bengal by Swain and Yadav (2009) showed that the long duration varieties have 
better capability to cope with climate change condition compared to medium duration rice 
varieties.  
3.8.3 Study performed using DSSAT for India and Bihar 
Most of the climate change studies have been performed collectively for India. However, 
the assessment of climate variation on crop production with current scenarios has not been 
performed. Abeysingha et al. (2016) found an increase in annual rice yield from 2020s to 2080s 
with Special Report on Emission Scenarios (SRES), A2, A1B and B1. They observed the 
increase in water demand, but irrigation water showed to decrease in future because of the 
increase in monsoon rainfall. Instead of increase in global CO2 concentration, reduction in crop 
yield could reach to 10-40% by 2100 AD (Mahdi et al., 2015). Ruchita and Rohit (2017) 
indicated that higher temperature causes the reduction in kharif rice, which showed the 
temperature as an important function of rice yield. Impact of climate change will decline the rice 
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production in the range of 4.5-9% by 2039 (Guiteras, 2009). A study on average climate change 
impact by Aufhammer et al. (2012), based on the collected data during 1966-2002 from all the 
states in India, showed the adverse impact of water stress and excess rainfall on rice yield. Their 
analysis using Monte Carlo simulation showed the drought frequency as a reason for reduction in 
yield by 1.7%.  
Although various studies have been conducted to assess the impact of climate change on 
few crops for the regions of Bihar, most of them followed the scenarios of IPCC 4th report 
(IPCC, 2007).  The impact of climate change scenario, A2, during 2020-2080 on potato crop 
showed a decrease in yield by a maximum of 5.9%, 15% and 24.8% by 2020, 2050 and 2080, 
respectively (Haris et al., 2015). Under the similar climate change scenario, A2, rice yield was 
estimated an increase of 2.7%, a decrease of 0.3% and 31.3 % by 2020, 2050 and 2080, 
respectively (Haris et al., 2010).  In order to assess the climate smartness of current land use for 
agriculture in Bihar, Shirsath et al. (2017) used the productivity, incomes, and emission as 
benchmarks, and recommended the derivation of various evidences and reasonings from the 
outline of the database for climate-smart intervention through bio-economic land use analysis. 
These studies to investigate the impact of climate change on crop yield used the crop growth 
model, INFOCROP (Aggarwal et al., 2008), which has been limited to apply in the Indian 
condition. Thus, the study for the Bihar also needs to use the crop-growth model which is used 
globally.  
3.9 Climate change studies for Bihar with collected weather data 
Many studies have been underataken for other parts of India with current climate change 
scenarios but very few studies have used these current scenarios for the state of Bihar. Several 
studies were mainly focused on trend test of climate data. The Mann-Kendall trend test for the 
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Bagmati river basin indicated the increasing trend in temperature and decreasing trend in rainfall 
from 1901 to 2002, for which the weather data were collected from the Indian Meteorological 
Department (Akhtar et al., 2015). Haris et al. (2010) found the increasing trend of precipitation 
during 1960-2005 for all the climatic zones in Bihar, except the decrease in the north-east zone. 
They also observed the decrease in maximum temperature, while the minimum temperature 
increased after 1990. A district wise study for the period of 1901-2002 by Roy et al. (2016) 
suggested the increasing trend in annual mean temperature and potential evapotranspiration for 
all the districts, while rainfall was observed to decrease, except two of the districts in Bihar. A 
study conducted by Subash et al. (2011) showed increasing trend of monsoon rainfall for all the 
four agro-ecological zones of Bihar during 1970-2000. All these studies for estimating the trend 
in climatic variables was performed for past years of collected data from different weather 
stations. Therefore, these studies may differ with the trend obtained by using the future climate 
change data, because of the variation in concentration of greenhouse gases in future. Recently, 
Tesfaye et al. (2017) studied the analysis of climate data for the state Bihar with current climate 
change scenario. They studied the change in climatic factors for many districts of Bihar using 










Development of Rice Production Management Strategies for the state of Bihar (India), 
using Crop Growth Model, DSSAT 
4.1 Introduction 
Rice is a staple food for nearly half of the whole world’s population. Global rice 
production needs to be increased by 1.6% per year to meet global demand by 2030 (Anzoua et 
al., 2010). In Asia, 158 million hectares are used for rice cultivation, which is 88.9% of the total 
land utilized for agricultural production on the continent (FAO, 2010). India is a major rice 
producing country in Asia, where rice is consumed by 65% of the population (Mariappan et al., 
2008). Bihar, a state in India, where 88.7% of the population is living in rural areas (Salam et a., 
2013), has average income of the farm family is less than $1.25 per day. Around 3.3 million ha 
of land area in this state is used for rice production. Furthermore, around 33% of rice lands 
depend on irrigation water, while the remaining 67% land is dependent upon rainfall. Inadequate 
understanding of water stress conditions at different rice growth phases and the lack of 
knowledge about how to optimize water negatively impacts the farmer’s economic viability in 
Bihar (Singh and Khan, 2002; Rasul and Sharma, 2014). Farmers of Bihar also suffer because of 
the unavailability of inexpensive proper management methods that restrict them from obtaining 
maximum rice production. 
In order to provide the best management practices for rice production, crop models are an 
alternative tool that simulates crop growth and yield by using soil, irrigation, fertilizer and crop 
data. Selecting a particular model for a study depends on its application for the specific location 
(Van Bussel et al., 2011; Grassini et al., 2015). These simulation models for crops have been 
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widely used to assess changes in the yield on account of various climatic and management 
factors for different regions of India (Behera and Panda, 2009; Lobel et al., 2012). An example 
of this type of model is the Decision Support System for Agrotechnology Transfer (DSSAT) 
embedded with CERES-rice (Singh et al., 2016), which is an appropriate tool to simulate the 
effect of these interactions and deliver the best adaptation techniques to the farmers for achieving 
optimum yield (Corbeels et al., 2016; Urgaya, M. L., 2016).  
Only a few of the studies have been conducted recently in different regions of India using 
the CERES-rice model of DSSAT for the decision-making process. A study carried out in 
Odisha, India by Ghosh et al. (2015) evaluated the capacity to predict rice production using 
forecast scenarios at various temporal scales in the monsoon season. Mote and Kumar (2016) 
studied the effect of varying levels of nitrogen on rice growth and development using the 
CERES-Rice model for the state of Gujarat, India. In addition, the model evaluation was 
performed by Singh et al. (2007) to calculate crop productivity and predict management 
strategies for Kashmir, India. Further, Sharma and Kumar (2005) conducted a study for North 
Himalayan regions of India and derived genetic coefficients for four varieties (RP-2421, HPR-
1064, HPR-2027 and Naggar Dhan) of rice cultivar with a good model prediction for grain yield.  
Thus, these studies suggest that Bihar is in need of having an improved rice production 
system based on decision-making tools. In addition, the assessment of water stress condition on 
the long-duration variety of rice, which is mostly grown in the state of Bihar, has not been 
performed. It was also found that few crop production studies for the regions of Bihar have not 





4.2 Material and methods 
4.2.1 Experimental site and soil type 
This study is a part of  a long-term research trial started in 2006 at the research farm of 
Rajendra Agriculture University, Pusa, Bihar, India (25o 59’ N, 85o41’E, and 52.73 m above 
mean sea level), which is filled with calcareous alluvial sandy loam soil type with the presence 
of medium organic matter content of 0.43 %. The average pH of the top layer of the soil is 8.2 
and slope of the land surface is 0.81m/km. The soil physical properties of different depth are 
presented in Table 4.1.  
Table 4.1. Soil properties of the various layers of the experimental soil. 











0-5 1.52 0.23 0.42 0.094 
5-15 1.55 0.23 0.44 0.098 
15-30 1.58 0.19 0.36 0.031 
30-45 1.59 0.18 0.34 0.035 
45-60 1.56 0.16 0.33 0.040 
 
The experimental site falls under the tropical monsoon zone and is characterized by 
Semi-arid to a Sub-tropical climate with an average annual rainfall of 1297 mm (70-75 % 
received in the monsoon months of July to September). The minimum temperature changes from 
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5-7 oC in December and January, whereas, the maximum temperature goes up to 38-40 oC in 
June and July. 
4.2.2 Field layout and experiment details 
The experiment was conducted in large plots with three replications; each experimental 
plot had a size of 1400 m2 area. The nursery was prepared with a seed rate of 12 kg/ha to 
transplant the raised seedlings after 25 days.  
4.2.3 Crop management 
Since the cultivated land is located in the lowland region, which conserves enough 
moisture, thus, a long duration rice cultivar, Rajendra Mahsuri, was selected for this experiment. 
The selected cultivar can absorb enough moisture to alleviate a thin water layer that may cause 
problems for farmers during rice harvest. The rice seedlings were transplanted manually in the 
geometry of 30 seedlings per m2 in the puddled soil covered with 2 cm thin layer of water. As 
70-75 % of rainfall occurs during total crop duration, irrigation water was applied based on the 
crop requirement around 4-5 times with keeping a thick layer of water. 
The fertilizer dose was 150:60:40 kg of N: P2O5: K2O per hectare, respectively, applied in 
three splits during total crop duration. The half amount of N, Full P, and K dosage were given at 
the basal application while the remaining half of N was distributed equally and applied as one-
fourth at both the tillering and the panicle initiation stage. 
4.2.4 Crop data measurement 
The seeding rate, irrigation dates and depth, seedlings per m2, and fertilizer rate and 
application days were recorded as crop management inputs for better analysis. The yield 
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attributing characteristics, such as the number of tillers, number of panicles per meter square, 
1000 grain weight and grains per panicle were measured for modeling purpose. The rice 
phenology such as panicle initiation days, anthesis days, and maturity days was recorded for all 
three replications. Total grain yield was measured at 14% moisture content, and weight of dry 
biomass was taken for straw yield. 
 4.2.5 CERES-Rice model description 
The CERES rice model of DSSAT version 4.6, which integrates around 29 crops, was 
used to simulate crop growth, development and yield using soil, weather, and crop management 
data from a long-term study (Liu et al., 2011; Ghosh et al., 2015). The methods selected for 
model simulation were Priestley-Taylor/Ritchie-ET (Priestley and Taylor, 1972; Ritchie, 1972) 
for calculation of evapotranspiration; Soil Conservation Service for infiltration (Soil 
Conservation Service, 1972) and the Ritchie water balance method for hydrology (Ritchie, 
1998). The different files of the CERES rice have been described below for this study: 
4.2.5.1 Input files  
DSSAT has separate tools for various input files. Initial conditions of the field, such as 
previous crop information, root weight, and crop residue information with soil moisture 
condition before sowing, are required to simulate the model. The measured irrigation dates and 
amount, fertilizer dosages at different dates, and cultivar selection are included in the crop 
management data tool. These data were recorded while conducting the experiment from 2006-
2015. 
The soil data file requires all characteristics of soil at the experimental location. This file 
includes soil texture percentage, the nutrient percentage in the soil, volumetric water content 
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(cm3cm-3) at field capacity (-30 kpa) and wilting point (-1500 kpa), bulk density (g cm-3), soil 
hydraulic conductivity (cm/h) and root growth factor. The bulk density test and double ring 
infiltrometer test were conducted at the experimental site to measure the bulk density and 
infiltration rate, respectively. Soil texture percentage and nutrients content were measured for the 
alluvial sandy loam soil, while field capacity and wilting point for different layers were 
generated during calibration of the CERES-Rice model. 
The weather data - daily rainfall (mm), daily solar radiation (MJ m-2), daily maximum 
and minimum temperature (oC) - are the minimum sets of data, which are used to set up the 
CERES-Rice model. All required weather data were collected from the meteorological station, 
Pusa, Bihar, India. Thus, a file, named with a particular location was generated in the 
WeatherMan tool in DSSAT with all these above-mentioned weather data. 
4.2.5.2 Model calibration and validation 
The CERES-Rice model was calibrated using the five years of long trial data (2006-
2010) and validated with five years (2011-2015) of field experiment data. The variables selected 
for calibration were yield and phenological days (Panicle initiation days (PI), Anthesis days 
(AD) and Physiological maturity days (PM)) of rice.  During the calibration of CERES-rice 
model for Rajendra Mahsuri variety in Bihar, genetic coefficients were changed up to the 
minimum deviation between observed and simulated values. The cultivar coefficients were 
generated sequentially using GenCalc in DSSAT, starting with the phenological growth 
parameters (P), and followed by crop growth parameters (G) (Hunt et al., 1993; Boote et al., 
2003). These cultivar coefficients change due to the response of particular genotypes to the 
environmental factors (Anothai et al., 2008). The iteration method was used to calibrate the 
model up to the most appropriate values of these coefficients, and they were selected when 
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normalized RMSE value indicates the lowest average for all calibration years (Loague and 
Green, 1991). 
 Previously, various statistical analyses have been used to assess the performance of the 
CERES-Rice model (Timisina and Humphreys, 2006). Each statistical analysis has it’s own 
capacity to evaluate the model performance. The various performance measures used for this 
study are: normalized root mean square error (RMSEn), index of agreement (d) and Nash-
Sutcliffe efficiency (EF) (Nash and Sutcliffe, 1970., ASCE Task Committee, 1993) expressed 
by: 













2. Nash–Sutcliffe modeling efficiency (ME) (Nash and Sutcliffe, 1970): 
 𝑀𝐸 = 1 −  
                
(4.2) 
3. Index of agreement (d) (Willmott, 1981):  
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10%, good between 10-20%, fair between 20-30% and poor if it is greater than 30% (Loague and 
Green, 1991). The range of the Nash-Sutcliffe efficiency presented in Eq. 4.2 varies between -∞ 
to 1. The value closer to 1 shows an excellent prediction for the decision-making process and 
ME ≥ 0 indicates a good match between observed and simulated values. The index of agreement 
(d) (Eq. 4.3) is the indicator of the degree of agreement between simulated and measured values, 
and the value approaching to 1 represents strong correspondence between both values.  
4.2.5.3 Output files 
A successful run of DSSAT model produces many output files for plant growth, soil 
nutrient and water balances for different soil profiles. However, the overview and summary files 
are two main important files amongst them. The overview file contains all input information 
given to the model, and simulated development stages and variables. All simulated outputs are 
summarized in the summary file. 
4.2.6 Water stress phases simulation   
Using the validation years of experimental data from 2011 to 2015, water stress impact 
on three rice growth stages- vegetative phase (VP), reproductive phase (RP), and maturity phase 
(MP) was simulated. The total rain water deficit was created in the weather file during different 
growth stages in order to simulate the impact of drought condition on yield. Rainwater and 
irrigation during each water stress phase was kept as zero mm to create water stress conditions. 
Simulation of the CERES-Rice model for yield was performed for drought condition during each 
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4.2.7 Management strategy simulation 
Simulation of the CERES-Rice model for different management factors was performed in 
order to assess their influence on grain yield of Rajendra Mahsuri rice in Bihar. 
4.2.7.1 Transplanting dates 
 In order to know the effect of transplanting dates on yield, simulation of CERES-Rice 
model was performed with transplanting date varying from 5th of June to 30th of July. If rice is 
transplanted before 1st week of June, plant will not receive sufficient water which is required 
after 15-20 days of transplanting, because monsoon rainfall starts in the last week of June. 
Therefore, 1st week of June was selected as a starting period for transplanting of rice.  
4.2.7.2 Crop residue 
To simulate the effect of crop residue on yield, the model simulation was initiated 
without residue and was performed up to 3000 kg/ha of crop residue. The model was simulated 
for each 250 kg/ha of increase in residue. The residue of previous crop which is left at the soil 





4.2.7.3 Row spacing 
To determine the impact of row spacing on rice yield, a 5 cm of spacing was selected as a 
reference level. Simulation using the CERES-Rice model for the row spacing was performed up 
to 35 cm at each 5 cm of interval. 
4.2.7.4 Planting depth 
A minimum reference planting depth of 1 cm was used to simulate the CERES-rice 
model to determine the impact on rice yield. The planting depth for analysis was increased by 1 
cm from the reference level up to maximum of 9 cm. 
4.2.7.5 Ponding depth 
Since rice needs a continuous ponding depth before 10 days of harvesting, simulation of 
CERES-Rice model to assess the impact of ponding depth was performed. The minimum 
ponding depth of 1 cm was used a reference level to simulate the model, and maximum ponding 
depth of 9 cm was used as an end point. This investigation was made at each 1 cm interval of 
ponding depth.  
4.3 Results and discussions 
4.3.1 CERES-Rice model calibration 
The genetic coefficients categorized in phenological (P) and growth coefficients (G) for 
Rajendra Mahsuri rice variety have been presented in Table 4.2. These genetic coefficients have 




Table 4.2. Developed Genetic coefficients for Rajendra Mahsuri rice variety in the agro-climatic 







P1 The time (expressed as growing degree days (GDD) in ◦C) 
from seedling emergence to the end of a juvenile phase or 
basic vegetative phase of the plant. 
 
805.0 
P2R Extent to which phasic development leading to panicle 
initiation is delayed (expressed as GDD in ◦C) for each hour 
increase in photoperiod above P20. 
 
116.0 




P2O Critical photoperiod or the longest day length (in h) at 
which the development occurs at a maximum rate. 
 
10.0 
G1 The maximum spikelet number coefficient. 
 
87.0 
G2 Single grain weight (g) under ideal growing conditions, i.e., 




G3 Tillering coefficient 
 
0.85 
G4 Temperature tolerance coefficient. 1.00 
 
Genetic coefficients P1 and P5 were found more sensitive towards grain yield during 
calibration of the CERES-Rice model. While performing calibration of the genetic coefficients, 
selecting one parameter at time, it was found that these two parameters were showing larger 
change in outputs. The tillering coefficient, G3, demonstrated a significant change of 0.15 from a 
default value of 1.0. However, the values of genetic coefficients will vary based on the cultivar 
and location of cultivation (Mourice et al., 2014). 
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Fig. 4.1 and Table B.1 (Appendix B) presents a comparison between the simulated and 
observed rice phenology and yield after calibration of the CERES-rice model with five years of 
data (2006-2010), which shows a maximum variation of only two days between observed and 
simulated phenological days. The simulated and observed yield were also found very close to 
each other after calibration of the model.  
 
 
Fig. 4.1. Comparison between simulated and measured (a) grain yield (b) panicle initiation days 
(c) anthesis day and (d) maturity days of Rajendra Mahsuri rice variety during the calibration of 
CERES-Rice (2006-2010). 
The RMSEn values of 4%, 2.14%, 1.04 % and 1 % were estimated for grain yield, PI, 
AD, and PM, respectively (Table 4.3). According to Wallach and Goffinet (1987), RMSEn 
values in these ranges express an insignificant difference between simulated and measured 
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values. The d-index value of 0.87 for grain yield represents a very precise agreement between 
observed and predicted values. In addition, the d-index values for PI, AD, and PM were 
estimated to be 0.93, 0.95 and 0.89, respectively. The model efficiency of 0.70, 0.82, and 0.73 
from calibration of the model indicates an excellent correspondence between observed and 
simulated grain yield, anthesis days and maturity days. However, ME for panicle initiation days 
was estimated 0.59 that shows a good match between simulated and observed days, showing 
good performance of the model.  
Table 4.3. Model performance descriptive statistics for grain yield and growth stages during 
calibration (2006-2010) of CERES-rice. 







RMSEn (%) 4.04 2.14 1.04 1.00 
d-index 0.87 0.93 0.95 0.89 
ME 0.70 0.59 0.82 0.73 
 
4.3.2 CERES-Rice model validation 
The measured and predicted values of grain yield and phenological days from fig. 4.2 and 
Table B.2 (Appendix B) show that the yield was simulated up to the potential value and the 
difference in measured and simulated phenological days were not more than two days. 
The simulated values of grain yield and crop phenology for five years (2011-2015) were 




    
Fig. 4.2. Comparison between simulated and measured (a) rice yield (b) panicle initiation days 
(c) anthesis day and (d) maturity days of Rajendra Mahsuri rice variety during the validation of 
CERES-rice (2011-2015). 
Table 4.4 presents the normalized root-mean-square error of 3% for yield, which shows 
minimal deviation between the simulated and measured value of grain yield. Error for 
phenological days prediction in total crop duration was less than 5%, supporting the use of the 
CERES-rice model for prediction of management practices in Bihar. The index of agreement (d-
index) between observed and simulated values for grain yield, PI, AD and PM was computed to 
be 0.62, 0.92, 0.91 and 0.81, respectively, which reveal a good agreement for yield, and excellent 
agreement for rice phenology (Table 4.6). The model efficiency for prediction of yield was 
calculated to be 0.75 (Table 4.6), which shows the high accuracy of the CERES-rice model to 
use for the decision-making process. The model efficiency for PI, of 0.66, was improved 
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compared with calibrated model efficiencies, but the efficiency for AD was estimated to be 0.81 
that is similar to the calibrated efficiency.  However, the value of ME was found to be 0.58 with 
maturity days. These values of ME for rice phenology are illustrating good agreement (ME > 0) 
between observed and simulated data, as it has also been supported by Yang et al. (2014). 
Table 4.4. Model performance descriptive statistics for grain yield and growth stages during 
validation (2011-2015) of CERES-rice. 








RMSEn (%) 2.73 1.54 1.06 1.01 
d-index 0.62 0.92 0.91 0.81 
ME 0.75 0.66 0.81 0.58 
 
4.3.3 Effect of water stress condition on rice yield at different rice growth stages 
Fig B.1 (Appendix B) shows the impact of water stress condition on yield during 
vegetative phase of Rajendra Mahsuri rice. It can be envisaged from the Fig. B.1 and Table B.3 
(Appendix B) that average decrease in yield was estimated to be 24% during this phase. The 
maximum decrease in yield of 27% during vegetative phase of 2013 reveals occurrence of 
highest rainfall during this period. The variation in reduced rice yield due to water stress 
condition was estimated to be 5.58% from the average value of 5 years. Since Rajendra Mahsuri 
is a long-duration rice variety, delayed of rainfall will affect the seed germination and 
61 
 
appearance of tillering in the rice plant.  A decrease in yield during vegetative phase is caused by 
less number of tillers, panicles per hill and decrease in plant height (Sarvestani et al., 2008; 
Lipiec et al., 2013).  
On the contrary, water stress condition during reproductive phase showed the average 
reduction in yield of 43% from 5 years of simulated data, which is the largest decrease amongst 
all three growth phases (Fig. B.1 and Table B.3 (Appendix B)). The decrease in rice yield shows 
that reproductive phase is a major rice growth phase where the plant needs more water, and 
scarcity of that will adversely affect the rice production. The highest reduction in yield by 46% 
in 2014 reveals the considerable high precipitation during reproductive phase of this year. The 
effect of water stress on the yield during reproductive phase caused by a decrease in total grain 
number per panicle, which will increase the unfilled grain percentage (Rahman et al., 2002). 
Kumar et al. (2014) also inform that the spikelet sterility increases because of water stress during 
reproductive phases and which results in a reduction in grain yield. 
Similarly, the water stress because of rainfall during maturity phase during five years of 
validated data showed the average reduction in yield of 33% (Fig. B.1 and Table B.3 (Appendix 
B)). The highest reduction of 35.79% during reproductive phases of 2015 shows the high rainfall 
during this period. The variability of each year simulated data was estimated to be 6.24% from 
the mean value. The water stress during maturity phase by affecting the grain filling, grain size 
and reducing the grain weight decreases the yield (Akram et al., 2013). In the ripening months of 
2015, little decrease in solar radiation was also observed, which caused a comparatively high 




4.3.4 Management strategies 
4.3.4.1 Transplanting dates 
Fig. 4.3 demonstrates that the obtained yield is maximum between 1st week of June to 
30th of June. Favorable rainfall and optimum temperature during this period help the plant to 
accumulate sufficient dry matter and will produce maximum yield. Since crop yield is a function 
of temperature variation, rainfall condition and photoperiod, after 30th of June high monsoon 
rainfall will cause the large amount of water to accumulate in the field and affect the transplanted 
rice growth. In initial days of transplanted rice, plant height is very small, thus, it needs a very 
thin layer of water. This condition can be attained only before the monsoon rainfall comes during 
the last week of June of early July. Gunawardena et al. (2003) reported that sterility of grains is 
also caused by delaying in planting dates. Also, if temperature is higher than optimum range 
during transplanting stage, rice growth gets affected. 
 




4.3.4.2 Crop residue application  
Simulation of the model at various crop residue application rate showed an increase in 
yield by 24% if 2.5-ton/ha of residue is applied (Fig. 4.4). The change in yield increased from 
1.42% to 21.94% with application of residue from 500 kg/ha up to 2500 kg/ha, respectively. Fig. 
4.5 shows almost a linear increase in percentage yield with high application of crop residue. The 
root heat stress was found decreasing with increase of crop residue and which caused the 
improvement in root length density. The changes in yield were found constant after 2.5-ton/ha of 
residue application rate because the higher amount of conserved moisture will affect the soil 
quality and decrease the root-growth. Therefore, crop residues enhance the crop yield by 
increasing nutrient availability, decreasing moisture loss, and increasing water-holding capacity 
of the soil. It also prevents the moisture loss from the soil surface and due to that result farmer 
can save irrigation water loss in the crop field. 
 




Fig. 4.5 illustrates that if the spacing between rows exceeds the optimum range of 15-25 
cm, the plants will not be able to use light, water, and fertilizer efficiently. The wide spacing 
between the rows causes large amount of water to percolate into the soil,  inadequate interception 
of light by the plants and leaching of nutrients into the soil. Thus, the Fig. 4.5 suggests that wide 
spacing between the plants would affect the photosynthesis process, and ultimately, it will 
decrease the rice yield. The optimum row spacing of the plants was simulated to be 15-25 cm 
that will provide enough light, water, and nutrients for proper growth and farmers would be able 
to produce maximum yield. However, when plants are too close, such as, 5-15 cm, then 
competition among plants is very high to capture the light, water, and nutrients, consequently, 
the phenological growth of rice slows down and yield decreases (Sultana et al. 2012). 
 





4.3.4.4 Planting depth 
Simulation of yield for different planting depth from Fig. 4.6 shows that 2-4 cm of 
planting depth would produce a higher yield of Rajendra Mahsuri rice. Plants root can get 
oxygen for their respiration process easily at few centimeters of soil-depth and supports in proper 
root growth. Sowing of plants at 2-4 cm of soil-depth will enhance the root respiration and 
enzymic activity to transfer assimilates from the root (source) to sinks (younger leaves). If 
seedlings are sown at deeper than 5 cm of soil depth, rice yield will be reduced significantly, 
since the concentration of all above mentioned favorable factors for crop growth decreases while 
going deeper into the soil. In addition, states that the reduction in rice yield at higher planting 
depth is also caused by variation in organic matter content, plant nutrients and unavailability of 
sufficient oxygen for respiration (Alam et al. 2015). Therefore, plant growth factors are 
sufficiently available at 2-4 cm of planting depth in the soil in order to achieve maximum yield. 
 
Fig. 4.6. The effect of different planting depths on rice yield. 
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4.3.4.5 Ponding depth 
Fig. 4.7 shows that percentage change in yield progresses towards higher in the range of 
4-6 cm of ponding depth and water depth above this level has reduced the yield, which shows 
that 4-6 cm of ponding depth in the rice field is required during total crop duration in order to 
inhibit the growth of weeds, and to supply sufficient water and nutrient solution to the plants. A 
significant decrease in the yield above 6 cm of ponding depth, which is considered as excess 
water, caused the increase in leaching losses as ponding depth increased above 6 cm. Increase in 
ponding depth above 6 cm showed the reduction in root-length density, which results in weak 
root growth. High ponding depth also affects the leaves of the plants due to the high temperature 
caused by close reflection of light from the ponding water (Nelson and Bugbee, 2015). 
 
Fig. 4.7. The effect of varying the ponding depth on rice yield. 
4.4 Conclusion 
The CERES-rice model of DSSAT version 4.6 was used to simulate rice yield for the 
state of Bihar, India. Based on the statistical measures, this study showed an acceptable 
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agreement between observed and predicted rice phenology and grain yield. The model efficiency 
of 75 % with five years of validation data indicates that the model reasonably predicts the yield 
and would enable the producers to make decisions on the crop management operations. The 
model efficiencies (ME) from validation for panicle initiation days, anthesis days and maturity 
days were calculated to be 0.66, 0.81 and 0.58, respectively. Thus, ME values for rice phenology 
demonstrates a good agreement (ME>0) between observed and simulated data. 
The model predicted decrease in grain yield due to water stress condition during 
vegetative, reproductive and maturity phase to 24%, 43%, and 33 %, respectively. These results 
indicate critical growth period during which water stress should be avoided and supplemental 
irrigation should be implemented. Further, in order to achieve maximum production, optimum 
transplanting date of Rajendra Mahsuri rice should be during the month of June, and avoid 
transplanting before June 1st and after June 30th. Residue incorporation of 2.5 ton/ha would 
increase the yield by 20-25% compared to the fields where no residue is applied. The simulation 
of CERES-Rice model suggests a range of 15-25 cm and 2-4 cm of row spacing and planting 
depth, respectively, to produce an optimum yield. Furthermore, by maintaining a 4-6 cm of 
ponding depth in a rice field during total crop duration until 10 days before harvesting would 
increase the yield by 10-15%, compared to no ponding in the field.  
Therefore, an adaptation of these management strategies indicated by results of CERES-







Statistical Analysis of Climate Data from different Climate Models for Climate Change 
Scenarios in Bihar, India 
5.1 Introduction 
Climate change is a critically discussed phenomena all over the globe recently (Awal et 
al., 2016). The change in climate will impact the global population by altering the agricultural 
production (Kumar and Kumar, 2015; Jena et al., 2016). Since the weather is a decisive factor for 
agricultural production, change in climate will affect the crop growth, yield, and water 
requirement in the future. The future climate projection for South Asia by the Intergovernmental 
Panel on Climate Change presents that the average annual temperature will increase by 3-6°C 
and 2-3°C with worst-case scenario (RCP 8.5) and low emission scenario (RCP 2.6), 
respectively, by the end of the 21st century (IPCC, 2014). Moreover, the change in precipitation 
will depend upon the location of the study (Gehne et al., 2016).  
Climate change in India, also, will vary from one region to another and will affect the 
agricultural production. However, the state of Bihar, where the livelihood of 80% of the 
population depends on agriculture, future climate will govern the crop production. It is the 12th 
largest state in India, which spreads in 94,163 sq. km of area. The state of Bihar is 3rd in terms of 
population, 115.2 million, where 88.70% of people live in villages. Thus, statistical analysis of 
the climate data will provide the rationale for employing the outcomes of this study to analyze 
the impact on agricultural production for the state of Bihar. 
This process of assessing the impact of climate change on agriculture depends on the 
climate data obtained using climate models. These models are computer programmes which run 
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based on the mathematical equations of transfer of energy and materials through the land surface, 
ocean, and atmosphere, collectively (Bonan et al., 2002). Scientists incorporate factors, such as 
land use and land cover, the concentration of greenhouse gases and pollutants to the climate 
models that control the earth’s climate. Further, various future conditions are set into the model 
to project the future climate (Friedlingstein et al., 2006). These future conditions, called future 
scenarios, are the central decision-making situations used by the policy and decision makers to 
explore the change in climate. These scenarios are defined based on population growth, 
economic development, and advancement in new technologies (Meinshausen et al. 2011b; van 
Vuuren et al. 2011).  Therefore, climate scenarios will change during each generation and need 
to be modified by policymakers and scientists at a certain interval. The IPCC 5th report (IPCC, 
2014) included advanced sets of climate scenarios that considered all the aspects mentioned 
above, which expressed as the Representative Concentration Pathways (RCPs) and replaced all 
the scenarios from previous reports.  
Many studies have been undertaken for other parts of India with current climate change 
scenarios, but very few studies have used these current scenarios for the state of Bihar. Several 
studies were mainly focused on the trend test of climate data. The Mann-Kendall trend test for 
the Bagmati river basin indicated the increasing trend in temperature and decreasing trend in 
rainfall from 1901 to 2002, for which the weather data were collected from the Indian 
Meteorological Department (Akhtar et al., 2015). Haris et al. (2010) found the increasing trend 
of precipitation between 1960-2005 for all the climatic zones in Bihar, except a decrease in the 
north-east zone. They also observed a decrease in maximum temperature, while the minimum 
temperature increased after 1990. A study for all the districts in Bihar, for the period 1901-2002 
by Roy et al. (2016) found the increasing trend in annual mean temperature and potential 
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evapotranspiration for all the districts but two. A study conducted by Subash et al. (2011) 
showed an increasing trend of monsoon rainfall for all the four agroecological zones of Bihar 
between 1970-2000. All these studies for estimating the trend in climatic variables were 
performed for past years of collected data from different weather stations. Therefore, the 
variation in concentration of greenhouse gases in the future may differ the trend obtained using 
the future climate change data for these studies. Recently, Tesfaye et al. (2017) studied the 
analysis of climate data for several districts of Bihar with RCP 4.5 and RCP 8.5.  
Although these studies have provided statistical analysis of climate data, most of them 
used the collected data from weather stations and performed the analysis of past years, which 
does not indicate about future change. The recent study used two current climate change 
scenarios, but lacks the evaluation of climate data from different climate models for better 
judgment. The studies have not evaluated the observed and simulated climate model’s data to 
justify the application of them for a particular purpose. Further, assessment of the climate change 
for the future at 10 years of the interval on a monthly basis has not been performed to provide a 
better judgment for the small interval.  
Thus, considering all these points, the objectives of this study are: (i) to analyze the 
variations in historical climate data simulated by various global climate models, (ii) to establish 
the relationship between historical observed and model-simulated data, and to observe the future 
climate trend from all the four used global climate models, and (iii) to project a total climate 






5.2 Material and methods 
5.2.1 Study area description and agricultural dataset for crop modeling  
The study area is located in the experimental plot of Borlaug Institute of South Asia, 
Pusa, Bihar, India (Fig. 5.1). Bihar is situated between the latitudes of 24° 17' 6" N to 27°30ꞌ93ꞌꞌ 
N and longitudes of 83°19' 17" E to 88° 17' 47" E, with an elevation of 52.73 m from sea level. 
The state lies in the eastern region of India, surrounded by West Bengal in the east, Uttar Pradesh 
in the west, and Jharkhand in the south. North side of the state is adjoining the border between 
India and Nepal. The river Ganges divides the state into two parts, flowing from west to east. 
The climate of Bihar is Humid Sub Tropical with an average annual rainfall of 1297 mm, mainly 
received in the monsoon season (June to September).  
 
Fig. 5.1. Map of the study area 
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5.2.2 Climatic datasets 
The climate data for this study were obtained from the website of Climate Change, 
Agriculture and Food Security (CCAFS) (www.ccafs-climate.org/data/), developed by 
Consultative Group on International Agricultural Research (CGIAR), under a research program 
addressing the climate change impact on agricultural production. AgMIP Modern-Era 
Retrospective Analysis for Research and Applications (AgMERRA) historical data from 1980-
2004 (25 years) were used as an available observation data on this website to generate the 
simulated baseline, and future climate data of 40 years (2020-2059). This observed reanalysis 
climate dataset is particularly used for agricultural modeling and has a very high resolution of 
0.25o ×0.25o. Four GCMs (bcc_csm1_1, csiro_mk3_6_0, ipsl_cm5a_mr, miroc_miroc5) 
available in the Coupled Model Intercomparison Project (CMIP5) were used in this study to 
obtain the simulated baseline and future climate data on a daily basis.  
All the four Representative Concentration Pathways (RCPs), RCP 2.6, RCP 4.5, RCP 6.0 
and RCP 8.5, which are the future climate change scenarios adopted in IPCC 5 th assessment 
report, were selected for generation of future climate data. All the four RCPs refer to the 
radiative forcing taken up by the earth due to increase in greenhouse gases and pollutants.  
5.2.3 Climate data correction 
Since the global climate models (GCMs) project the future climate at limited spatial 
resolution (> 50 km), use of GCMs is challenging for agricultural modelers to assess the climate 
change impacts at local scales (Chiew et al., 2010; Sivakumar, 2011; White and Toumi, 2013). In 
addition to this, GCMs outputs contain systematic errors or biases, and high deviations from 
observational data. Therefore, before using the GCMs’ produced climate data in crop modeling, 
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errors and biases need to be corrected in order to avoid the ambiguity in climate change impact 
results (Mehrotra and Sharma, 2016). The methods of correcting these errors and biases from the 
climate data are called “bias correction methods,” those are based on adjusting the long-term 
mean and variability of GCM simulated outputs using observed data as the benchmark for the 
correction.  
Several bias correction methods are used, currently in agricultural and environmental 
context, such as simple bias correction method (Hawkins et al., 2013), change factor (Alcamo et 
al., 1997), and quantile mapping (Panofsy and Brire, 1968). The quantile mapping method is 
applied to correct the GCMs output data in this study, and removes the biases and systematic 
errors through minimizing the differences between observed and predicted variables, based on 
the established relationships between cumulative density functions. In addition to removing the 
errors, the methods also downscale the climate data from coarse to fine resolution data. The flow 
chart of obtaining the climate data is illustrated in Fig. 5.2. 
 
Fig. 5.2. Flow chart of obtaining the climate data for DSSAT simulation. 
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5.3 Statistical analysis of climate data 
5.3.1 Variation in historical simulated data 
To investigate the distribution of historical simulated data from 1980-2004, box and 
whisker plots for all the climatic factors were developed. The plots were developed for monthly 
basis from the ensemble mean of all the four models. The visualization of the box and whisker 
plot provides information about the central tendency (median), variability range, skewness and 
extremity of the data (Banacos 2011). The extreme values at both ends of the scale, called 
outliers, indicate the extension from a larger range of the data.  The purpose of using the box and 
whisker plot to show the variability in the data was to be free from the assumptions of normal 
distribution, which are generally used to interpret the common measures of variability, such as 
standard deviation. The R-programming was used to create the box and whisker plot in this 
study. 
5.3.2 Mean absolute error 
Mean absolute error is a useful statistical measure to evaluate the model performance.  
We used both, MAE and RMSE, to study the models’ performance for a simulation of climate 
data. RMSE was shown in the plot of the Taylor diagram, while the MAE is computed 
independently. Distribution of weight to all errors is equal in MAE, while RMSE gives more 
weight to errors with large absolute values compared to errors with smaller absolute values (Chai 
& Draxler, 2014). It is calculated by Equation 5.1 as shown:  






                             (5.1) 
Where,  n = number of errors, |𝑋𝑖 − 𝑋?̅?|= absolute error. 
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5.3.3 Taylor diagram (association between observed and simulated climate data)  
The Taylor diagram establishes the statistical relationship between observed and GCMs 
(global climate models) simulated data to show the model performances for simulating the 
climatic variables (Taylor, 2001). The graphical illustration of association between observed and 
simulated data is assessed in terms of their correlation, centered root-mean-square error, and the 
standard deviation. An abbreviated name was assigned to each model, after computing the 
statistics for all four GCMs. The position of each abbreviated name on the plot quantifies how 
closely the model’s simulated data for each variable match with the observation data. In a 
quadrant, the values represented on dashed arc show the correlation. Climate models lie on or 
between the straight line coming from corresponding arc values demonstrate the correlation 
between observed and simulated data. The radial distance from the origin presents the standard 
deviation between observed and simulated data, and distance from the observed point on the x-
axis illustrates the centered root-mean-square error (CRMSE). 
The statistics which provide the degree of correspondence between simulated and 
observed data in the Taylor diagram were calculated using the given formula below: 
The correlation coefficient, R, between observed and simulated climate data is defined as 
Equation 5.2:    
 𝑅 =
1




                                                   
(5.2) 
The centered root mean square error (CRMSE) between observed and simulated climate 
data is computed as Equation 5.3: 
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 CRMSE = √
1
N





     
(5.3) 
 
The standard deviations of the simulated (σs) and observed (σo) climate data are estimated 
as Equations 5.4 and 5.5, respectively: 



















     
(5.5) 
Where, sn, and on are simulated and observed values at nth days; N is the total number of days; S̅, 
and ?̅? are the average values of the total period. 
5.3.4 Mann-Kendall trend test 
A large number of statistical tests are used for analyzing the future trend of the climatic 
variables, such as Standard normal homogeneity test, Spearman rank statistic test, Pearson’s test, 
Pettit’s test, Buishand’s test, Von Neuman’s test, the Mann-Kendall trend test. The Mann-
Kendall trend test (Mann, 1945; Kendall, 1975), a nonparametric rank-based procedure, which is 
the most appropriate to determine the positive or negative trends in the climatic variables 
(Sneyers, 1990), was used to assess the presence of a trend in the future climate data. This 
method is also suitable for finding the trend with non-normally distributed time series data, 
which contains outliers and nonlinear trends (Karpouzos et al., 2010). A Confidence limit of 
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95% was used as a monotonic trend test for this study. The null hypothesis (Ho) for the 
assessment assumed that there was no trend in the climatic variables for the future period (2020-
2059). Thus, the null hypothesis was rejected if p < 0.05. The alternate hypothesis (H1) assumed 
a significant positive or negative trend in the climate data. The steps followed to compute trend 
in the climate are as follows: 
The Mann-Kendall statistic, S, of the data series, x, is calculated using the Equation 5.6: 






     
(5.6) 
Where, sgn is the signum function, and n is the total number of data. The standard deviation 
associated with S is calculated from the Equation 5.7: 
 SD [S] = √
1
18




     
(5.7) 
Where, k represents the number of tied groups in the data set, and tj is the number of data points 
in group j. However, in this case, n (40 years) was greater than 10, so SD[S] was calculated using 
the given Equation 5.8: 
 SD [S] = √
1
18
 [n(n − 1)(2n + 5) 
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(5.9) 
A positive value of Z indicates an increasing trend in the data series, while a negative Z 
represents a decreasing trend. Then, the Theil-Sen’s slope approach (Sen, 1968), a nonparametric 
procedure, was applied to quantify the trend in data series. The slope Q between any two values 




, j ≠ k 
   
(5.10) 
Where, xj and xk represent the data values at time j and k (j>k), respectively.The Sen’s slope for 




, n is the number of years. Therefore, the overall Sen’s slope (Qf) is computed 
using Equation 5.11: 
 Qf = f(x) = {
Q(N+1 2⁄ )
               if N is odd
QN
2⁄
+ Q(N+2 2⁄ )
2
   if N is even
 
   
(5.11) 
At the end, the final slope is estimated by two-tailed test at 100% (1-α) confidence interval. 
5.3.5 Double mass curve for climatic factors 
The double mass curve was used to check the consistency of the precipitation and solar 
radiation data for all the four global climate models. This method consists the plot between two 
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cumulative quantities for the same period. The plots between cumulative of predicted and 
observed precipitation and solar radiation were drawn. The slope of the straight line in this plot 
represents the proportionality between the two quantities. Plotting the 1:1 line provided the 
insight of biases between the observed and predicted data and captured the period where 
inconsistency can be observed. Thus, this method is used to analyze the consistency of the data. 
The correction of the data can be performed by adjustment of slope if it is needed. The division 
of the average of cumulative quantity on Y-axis by X-axis provides the slope to correct the 
inconsistency in data. 
The relationship between both the quantities on X and Y axes is represented by Y = bX, 
where b is the slope of the double mass curve. If an inconsistency is observed from a change in 
the slope of the straight line, correction is made by dividing the predicted precipitation or 
multiplying the observed precipitation by the slope. Slope to adjust the straight line is computed 
by division of cumulative average of predicted and observed rainfall. 
5.3.6 Projected climate change 
The projected future climate change describes the expected change in the climatic 
variables during specific time-period with climate change scenarios from the baseline period. In 
this study, the projected change in future climate for 10 years of the interval from 2020-2059 was 
calculated for the climate change scenarios of RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5 for each 
of the GCMs. Further, the ensemble mean of the all four climate models was used to illustrate 
overall projected change. The projected climate change for each of the scenarios was estimated 
on a monthly basis for the 10 years of interval. The average of monthly estimation for 10 years 
of the future segment was subtracted from the average of baseline period, which provided the 




Future change for every 10 years of interval 
=  (Average of 10 years of projection–  Average of baseline period) 
(5.12) 
5.4 Results and discussions 
5.4.1 Variability in historical data 
Fig. 5.3 represents the monthly climate variability for the historical period of 25 years 
simulated data by bcc_csm1_1. Fig. 5.3a demonstrates the variability in precipitation obtained 
from the model. In winter season (December - February), rainfall does not occur in Bihar, due to 
that, minimum precipitation from the box plot is being shown zero mm. Median of precipitation 
in winter season varies from 0-12 mm, and interquartile range (IQR) changes between 5.24 mm 
and 17.84 mm. The median of precipitation in pre-monsoon season (March-April) was found to 
be 5.50 mm, and IQR shifts from 9.80 mm to 30.88 mm. The maximum precipitation in 
monsoon season (June-September) reaches to 590 mm, and median of precipitation changes 
between 100 mm and 270 mm. Fig 5.3b illustrates the change in maximum temperature each 
month during the historical period. IQR for the winter season varies from 1.40oC to 1.67 oC, and 
median of the maximum temperature lies between 24.22oC and 27.21 oC. The negative skewness 
was observed in pre-monsoon season, which shows the wider range of observations in the lower 
quartile as compared to the upper quartile. IQR in monsoon season observes a large variation 
from 0.42 oC to 4.75 oC, with the median of maximum temperature changing from 32.44 oC to 
36.86 oC. The extremes of maxima and minima were observed to be 41 oC and 30.23 oC, 
respectively, in the monsoon season. Fig. 5.3c demonstrates the variability in minimum 
temperature obtained from the bcc_csm1_1 model for the historical period. Winter season 
observes the change in the median of minimum temperature between 9.61 oC and 12.25 oC and 
change in IQR for this period was observed from 1.16 oC to 1.52 oC. Median of minimum 
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temperature in pre-monsoon season increases from 12.25 oC to 16.69 oC, and IQR changes from 
1.24 oC to 1.44 oC. Minimum temperature increases and decreases up to 28  oC and 24 oC, 
respectively, in monsoon season. Median of minimum temperature changes between 25.43 and 
26.08, while IQR lies between 0.45 oC and 1.18 oC. The variability in solar radiation can be 
analyzed from the Fig. 5.3d. Maximum and minimum solar radiation in monsoon season were 
observed to be 27.50 MJ/m2 and 12.25 MJ/m2, respectively, and IQR varies between 0.95 MJ/m2 
and 5.27 MJ/m2.  Median of solar radiation in winter season changes between 14.56 MJ/m2 and 
19.87 MJ/m2, with the change in IQR of around 1.5 MJ/m2 in each month. Negative skewness 
was observed in pre-monsoon season, with an increase in the median of solar radiation from 











Fig. 5.3. Box-and-whisker plot of climate simulated data by the model, bcc_csm1_1, for the 
baseline period. 
Fig. 5.4 shows the central tendencies, IQR, and other climate variabilities for historical 
period of 25 years simulated data by csiro_mk3_6_0. Fig. 5.4a presents the variability in 
precipitation obtained from the model. In winter season (December – February), maximum 
precipitation varies between 43 mm to 95 mm. Median of precipitation in winter season varies 
from 1.80-10.71 mm, and interquartile range (IQR) changes between 5.49 mm and 17.87 mm, 
which is very similar to the prediction of bcc_csm1_1. The median of precipitation in pre-
monsoon season (March-April) increases from 6.14 mm to 10.86 mm, and IQR shifts from 10.07 
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mm to 14.02 mm. The maximum precipitation in monsoon season (June-September) reaches to 
596 mm, which is higher prediction compared to bcc_csm1_1, and median of precipitation 
changes between 146 mm and 272 mm. Fig 5.4b demonstrates the change in maximum 
temperature each month during historical period. IQR for the winter season varies from 1.28oC to 
2.31 oC, and median of the maximum temperature lies between 24.48 oC and 27.15 oC, which is 
similar to the median of bcc_csm1_1. The negative skewness was observed in pre-monsoon 
season, which shows the wider range of observations in the lower quartile as compared to the 
upper quartile. IQR in monsoon season observes a large variation from 0.75 oC to 5.18 oC, with 
the median of maximum temperature changing from 32.07 oC to 36.69 oC. The extremes of 
maxima and minima were observed to be 42 oC and 31oC, respectively, in the monsoon season. 
Fig. 5.4c demonstrates the variability in minimum temperature obtained from the csiro_mk3_6_0 
model for the historical period. Winter season observes the change in median of minimum 
temperature between 10.26 oC and 12.17 oC and change in IQR for this period was observed from 
1.20 oC to 1.53 oC. Median of minimum temperature in pre-monsoon season increases from 12.17 
oC to 16.65 oC, and IQR changes from 1.10 oC to 1.40 oC. Maximum increase and decrease in 
minimum temperature were observed to be 27.39 oC and 24.24 oC, respectively, in monsoon 
season. Median of minimum temperature changes between 25.34 and 26.14, while IQR lies 
between 0.27 oC and 0.81 oC. The variability in solar radiation can be analyzed from the Fig. 
5.4d. Maximum and minimum solar radiation in monsoon season were observed to be 25.24 
MJ/m2 and 11.83 MJ/m2, respectively, and IQR varies between 1.55 MJ/m2 and 3.98 MJ/m2.  
Median of solar radiation in winter season changes between 14.88 MJ/m2 and 19.07 MJ/m2, with 
the change in IQR from 1.06-1.33 MJ/m2. Negative skewness was observed in pre-monsoon 





Fig. 5.4. Box-and-whisker plot of climate simulated data by the model, csiro_mk3_6_0, for the 
baseline period. 
Fig. 5.5 shows the monthly climate variability for historical period of 25 years simulated 
data by ipsl_cm5a_mr. Fig. 5.5a presents the variability in precipitation obtained from the model. 
In winter season (December-February), maximum precipitation varies between 28.97 mm to 69 
mm. Median of precipitation in winter season varies from 5.31-30.91 mm, and interquartile 
range (IQR) changes between 2.26 mm and 19.85 mm. The median of precipitation in pre-
monsoon season (March-April) increases from 13.02 mm to 16.35 mm, and IQR shifts from 
20.72 mm to 38.41 mm. The maximum precipitation in monsoon season (June-September) 
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reaches to 552.81 mm, and median of precipitation changes between 35 mm and 249 mm. Fig 
5.5b demonstrates the change in maximum temperature each month during historical period. IQR 
for the winter season varies from 0.84 oC to 2.40 oC, and median of the maximum temperature 
lies between 23.88 oC and 27.35 oC, which is similar to the predictions by other models. The 
negative skewness was observed in pre-monsoon season, which shows the wider range of 
observations in the lower quartile as compared to the upper quartile. IQR in monsoon season 
observes a small variation from 0.56 oC to 2.98 oC compared to other models, with the median of 
maximum temperature changing from 32.49 oC to 36.09 oC. The extremes of maxima and 
minima were observed to be 40 oC and 30oC, respectively, in the monsoon season. Fig. 5.5c 
demonstrates the variability in minimum temperature obtained from the ipsl_cm5a_mr model for 
the historical period. Winter season observes the change in median of minimum temperature 
between 9.71oC and 11.87 oC and change in IQR for this period was observed from 1.40 oC to 2 
oC. Median of minimum temperature in pre-monsoon season increases from 16.60 oC to 21.39 oC, 
and IQR changes from 1.26 oC to 3.03 oC. Maximum increase and decrease in minimum 
temperature were observed to be 27.94 oC and 24.20 oC, respectively, in monsoon season. 
Median of minimum temperature changes between 25.42 and 26.10, while IQR lies between 0.53 
oC and 1.05 oC. The variability in solar radiation can be analyzed from the Fig. 5.5d. Maximum 
and minimum solar radiation in monsoon season were observed to be 24.32 MJ/m2 and 12.40 
MJ/m2, respectively, and IQR varies between 1.80 MJ/m2 and 3.59 MJ/m2.  Median of solar 
radiation in winter season changes between 14.79 MJ/m2 and 19.41 MJ/m2, with the change in 
IQR from 1.08-1.46 MJ/m2. Both the extremes, maxima and minima, were observed to be 27.18 





Fig. 5.5. Box-and-whisker plot of climate simulated data by the model, ipsl_cm5a_mr, for the 
baseline period. 
Fig. 5.6 illustrates the monthly climate variability for the historical period of 25 years 
simulated data by miroc_miroc5. Fig. 5.6a shows the statistical analysis of monthly precipitation 
datasets for the historical period. In winter season (December - February), maximum 
precipitation varies between 19.41 mm and 81.46 mm. Median of precipitation in winter season 
for miroc_miroc5 is low compared to other models, lies between 1.47-7.99 mm, and interquartile 
range (IQR) changes between 6.20 mm and 17.28 mm. The median of precipitation in pre-
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monsoon season (March-April) increases from 5.75 mm to 12.17 mm, and IQR shifts from 7.38 
mm to 17.24 mm. The maximum precipitation in monsoon season (June-September) reaches to 
598 mm, and median of precipitation changes between 40 mm and 241 mm. Fig 5.6b 
demonstrates the median, dispersion, skewness, and extremes in maximum temperature each 
month during the historical period. IQR for the winter season varies from 0.66 oC to 1.82 oC, 
which represents the spread of middle 50% of the data is less amongst all the climate models. 
Median of the maximum temperature lies between 24.05 oC and 27.37 oC, which is similar to the 
predictions by other models. The negative skewness was observed in pre-monsoon season, which 
shows the wider range of observations in the lower quartile as compared to the upper quartile. 
IQR in monsoon season observes a variation from 0.71 oC to 2.65 oC, with the median of 
maximum temperature changing from 32.49 oC to 35.48 oC. The extremes of maxima and 
minima were observed to be 42 oC and 31 oC, respectively, in the monsoon season. Fig. 5.6c 
demonstrates the variability in minimum temperature obtained from the miroc_miroc5 model for 
the historical period. Winter season observes the change in the median of minimum temperature 
between 9.95 oC and 11.94 oC and change in IQR for this period was observed from 1.47 oC to   
1.92 oC. Median of minimum temperature in pre-monsoon season increases from 16.68 oC to 
21.72 oC, and IQR is low for this season among all the models, changing from 1.06 oC to 1.86 oC. 
Maximum increase and decrease in minimum temperature were observed to be 27.92 oC and 
24.09 oC, respectively, in monsoon season. The difference in the median of minimum 
temperature between each month in monsoon season is very insignificant, while IQR lies 
between 0.67 oC and 0.74 oC. The variability in solar radiation can be seen from the Fig. 5.6d. 
Maximum and minimum solar radiation in monsoon season were observed to be 21.06 MJ/m2 
and 10.82 MJ/m2, respectively, and IQR varies between 1.75 MJ/m2 and 3.21 MJ/m2.  Median of 
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solar radiation in winter season changes between 14.70 MJ/m2 and 19.17 MJ/m2, with the change 
in IQR from 1-1.94 MJ/m2. Both the extremes, maxima and minima, were found to be 27.65 and 
22.34 MJ/m2 in pre-monsoon season. 
 
 
Fig. 5.6. Box-and-whisker plot of climate simulated data by the model, miroc_miroc5, for the 
baseline period. 
5.4.2 Mean absolute error between observed and simulated data 
Fig. 5.7 shows the mean absolute error between observed and simulated historical data 
for climatic factors (precipitation, temperature, and solar radiation) with all the four global 
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climate models (GCMs). The mean absolute error between observed and simulated daily 
precipitation data was observed nearly same for all the climate models. The maximum and 
minimum error were computed to be 4.47 mm/day and 4.42 mm/day with the climate models 
miroc_miroc5 and bcc_csm1_1, respectively. The maximum error with daily solar radiation data 
was found to be 4.17 MJ/m2/day with the model, miroc_miroc5, and minimum error was 
estimated to be 4.07 MJ/m2/day with the model, csiro_mk3_6_0. Thus, the mean absolute errors 
for these two factors, precipitation, and solar radiation, were not much in difference in terms of 
magnitude. For maximum temperature, the largest error of 2.43 oC/day was calculated with the 
model, bcc_csm1_1, while the smallest error of 2.39 oC/day was estimated with the model, 
csiro_mk3_6_0. However, it should be noted that the difference between largest and smallest 
error was insignificant. The highest mean absolute error of 1.92 oC/day was observed with the 
climate model, ipsl_cm5a_mr, and smallest error of 1.82 oC/day was shown by the model, 
bcc_csm1_1, for minimum temperature. The analysis of mean absolute errors showed that the 
magnitude of errors for maximum and minimum temperature were lower than precipitation and 
solar radiation. Further, the magnitude of mean absolute error was less with the minimum 






Fig. 5.7. Comparison of mean absolute error for climatic factors with all the four global climate 
models.  
5.4.3 Taylor diagram 
Fig. 5.8a displays the statistical relationships between observed and simulated 
precipitation for baseline period (1980-2004) with all the four selected climate models 
(bcc_csm1_1, csiro_mk3_6_0, ipsl_cm5a_mr, and miroc_miroc5). The correlation between 
simulated and observed precipitation for all the four models lie between 0.38 to 0.43. The model, 
csiro_mk3_6_0 has a maximum correlation between observed and simulated precipitation of 
0.43, and miroc_miroc5 has the lowest correlation of 0.38. The highest root-mean-square error of 
10 mm/day can be seen with the model, ipsl_cm5a_mr, while the smallest error of 9.62 mm/day 
was observed with the model csiro_mk3_6_0. The standard deviation of precipitation simulated 
by bcc_csm1_1 was found to be 8.76 mm/day, which is similar to the standard deviation of the 
observed dataset. All the three other models show little less standard deviation for simulated 
precipitation than observed standard deviation. However, csiro_mk3_6_0 showed the smallest 
deviation of 8.36 mm/day among all the climate models. 
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The correlation between observed and simulated maximum temperature was obtained in 
the range of 0.75 to 0.79 for all the four GCMs (Fig. 5.8b). It can be seen from the Fig. 5.8b that 
correlation values for maximum temperature are very close for all the models. However, the 
maximum correlation of 0.79 can be seen for the model, csiro_mk3_6_0. The root-mean-square 
error value of 3.76 0C/day, which was largest for bcc_csm1_1, and lowest found to be 3.52 
0C/day for csiro_mk3_6_0. The standard deviation for the miroc_ miroc 5 was computed to be 
5.32 0C/day, which was little higher compared to the variation of 5.04 0C/day for observed 
maximum temperature. Fig. 5.8b shows that ipsl_cm5a_mr has less variability in simulated 













Fig. 5.8. Taylor diagram exhibiting a statistical comparison of observation and four global 
climate models predicted data for (a) precipitation, (b) maximum temperature, (c) minimum 
temperature, and (d) solar radiation. 
Fig. 5.8c illustrates that ipsl_cm5a_mr has the highest correlation of 0.96 and has lowest 
RMS error among all the four models, whereas bcc_csm1_1 has the lowest correlation of 0.91 
with observed minimum temperature and has largest RMS error of 2.89 0C/day. All the four 
models show almost similar standard deviation for simulated minimum temperature, changing 
between (6.26-6.31) 0C/day. The observed dataset shows the deviation of 6.310C/day, which is 
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very close to the deviations for all the models. Fig. 5.8d shows the statistical relationships 
between observed and simulated solar radiation data. Similar to the other climatic variables, 
correlation values between observed and simulated solar radiation are very close amongst all the 
models. Nevertheless, miroc_miroc5 shows the relatively large correlation value of 0.51 
MJ/m2/day, while bcc_csm1_1 has a relatively low correlation value of 0.45. The RMS error for 
miroc_miroc 5 was found to be 5.52 MJ/m2/day, which was lowest amongst all the four GCMs, 
whereas bcc_csm1_1 had the highest RMS error of 5.86 MJ/m2/day. Model ipsl_cm5a_mr 
simulates the amplitude of the variations (i.e., the standard deviation) is little better than all the 
other three models. The root mean square error for miroc_miroc5 is slightly less compared to 
ipsl_cm5a_mr, and, which has a less standard deviation from observed data of 5.54 MJ/m2/day. 
5.4.4 Climatic variables trend test for all the GCMs 
Table C.1-Table C.4 (Appendix C) present the results of Mann-Kendall trend test for 
climatic factors. The total annual precipitation for observing the trend from 2020-2059 for all the 
four GCMs was analyzed using the Mann-Kendall and Sen’s slope tests (Table C.1, Appendix 
C). With the low greenhouse gases emission scenario, RCP 2.6, the climate models, bcc_csm1_1 
and ipsl_cm5a_mr, showed a trend during 2020-2059, since p-value was found less than 0.05. 
However, bcc_csm1_1 showed the positive trend of 3.721 mm/year, and ipsl_cm5a_mr had the 
negative trend of 1.872 mm/year during 2020-2059. There were no significant trends observed 
with the other two models, csiro_mk3_6_0 and miroc_miroc5, because p-values with both of 
these models were found to be 0.412 and 0.316, respectively. The total annual precipitation for 
intermediate climate change scenario, RCP 4.5, shows decreasing trends of 1.743 mm/year and 
1.559 mm/year with the models, ipsl_cm5a_mr and miroc_miroc5, respectively. However, as the 
computed p-values were greater than the significance level 0.05, the models, bcc_csm1 and 
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csiro_mk3_6_0 did not exhibit significant trend for precipitation change. With RCP 6.0, The 
climate models, bcc_csm1_1 and csiro_mk3_6_0, showed the positive and negative trend of 
6.227 mm/year and 1.067 mm/year, respectively. The other models did not demonstrate a 
significant trend in precipitation change from 2020 to 2059. The trend test for RCP 8.5 showed 
an increase in precipitation of 9.810 mm/year with the model, bcc_csm1_1, reflecting the 
dominance in precipitation change amongst all the models. All the other three GCMs were not 
exhibiting a significant trend in precipitation change.  
Table C.2 (Appendix C) shows the trend test of solar radiation for all the four models. 
The models, bcc_csm1_1 and miroc_miroc5 showed a negative trend of 0.009 MJ/m2/year and 
0.014 MJ/m2/year, respectively, with low emission scenario, RCP 2.6.  Since p-values with both 
other models, csiro_mk3_6_0 and ipsl_cm5a_mr, were found to be 0.211 and 0.101, 
respectively, which reveal no significant trend. With RCP 4.5, intermediate scenario, 
bcc_csm1_1 was showing the decreasing trend of 0.011 MJ/m2/year, and csiro_mk3_6_0 showed 
the increasing trend of 0.014 MJ/m2/year. The other two models, ipsl_cm5a_mr and 
miroc_miroc5, did not express significant trend in solar radiation from 2020 to 2059. The 
decreasing trends of 0.019 MJ/m2/year and 0.006 MJ/m2/year were observed with the models, 
bcc_csm1_1 and csiro_mk3_6_0, respectively, for RCP 6.0. Trend in solar radiation for RCP 8.5 
decreases by 0.025 MJ/m2/year, 0.013 MJ/m2/year, and 0.014 MJ/m2/year from 2020-205, with the 
models, bcc_csm1_1, ipsl_cm5a_mr, and miroc_miroc5, respectively. 
The presented trend in maximum temperature in Table C.3 (Appendix C) demonstrated 
an increasing trend of 0.026 0C/year with miroc_miroc5 for RCP 2.6. The other climate models 
did not produce significant trend for change in maximum temperature for RCP 2.6. With 
intermediate scenario, RCP 4.5, an increasing trend of 0.041 0C/year, 0.020 0C/year, and 0.017 
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0C/year for the RCP 4.5 were observed with the models, csiro_mk3_6_0, ipsl_cm5a_mr, and 
miroc_miroc5, respectively. The model, bcc_csm1_1, were not showing a significant trend for 
the change in maximum temperature. All the four models, bcc_csm1_1, csiro_mk3_6_0, 
ipsl_cm5a_mr, and miroc_miroc5, illustrated the significant trend of 0.013 0C/year, 0.046 
0C/year, 0.0220C/year and 0.0190C/year, respectively with climate change scenario, RCP 6.0. 
The increase of 0.027 0C/year, 0.043 0C/year, and 0.031 0C/year in maximum temperature is 
expected with RCP 8.5 from the models, bcc_csm1, ipsl_cm5a_mr, and miroc_miroc5, 
respectively. 
The trend in minimum temperature during 2020-2059 is shown in Table C.4 (Appendix 
C). For RCP 2.6, csiro_mk3_6_0, ipsl_cm5a_mr and miroc_miroc5 showed a positive trend of 
0.025, 0.019, 0.015, respectively. The p-value with bcc_csm1_1 was higher than 0.05. Thus, it 
did not exhibit a significant trend in minimum temperature during 2020-2059. The trend for 
annual minimum temperature demonstrates the increasing trend with all the models for other 
scenarios, RCP 4.5, RCP 6.0 and RCP 8.5. The increase in minimum temperature is expected to 
increase by 0.024 0C/year, 0.048 0C/year, 0.026 0C/year, and 0.034 0C/year by the models, 
bcc_csm1_1, csiro_mk3_6_0, ipsl_cm5a_mr, and miroc_miroc5, respectively, for the RCP 4.5. 
Increasing trends of 0.021 0C/year, 0.035 0C/year, 0.0230C/year and 0.0250C/year were observed 
with the models, bcc_csm1_1, csiro_mk3_6_0, ipsl_cm5a_mr, and miroc_miroc5, respectively, 
for RCP 6.0. The rate of increase in annual minimum temperature for worst case scenario, RCP 
8.5, is higher compared to intermediate scenarios, RCP 4.5 and RCP 6.0. The increase in 
minimum temperature for RCP 8.5 was computed to be 0.032 0C/year, 0.059 0C/year, 
0.0770C/year, and 0.0410C/year with the GCMs, bcc_csm1_1, csiro_mk3_6_0, ipsl_cm5a_mr, 
and miroc_miroc5, respectively. 
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5.4.5 Double mass curve 
Fig. 5.9 illustrates the relationship between predicted and observed precipitation and solar 
radiation. Fig. 5.9a and 5.9b describe a consistency between predicted and observed precipitation 
and solar radiation, respectively. The straight line for both the variables shows a well-defined 
proportionality since slope between them is unchanged. Thus, the proportionality between 
observed and predicted variable is constant. 
 
Fig. 5.9. Double mass curve plot for the precipitation and solar radiation data by the model, 
bcc_csm1_1, for the baseline period. 
Fig. 5.10 demonstrate the relationship between observed and predicted precipitation by 
the model, csiro_mk3_6_0. Fig. 5.10a shows the biases in precipitation plot due to the change in 
slope between predicted and observed data. This inconsistency was removed by dividing the 
cumulative daily predicted by the slope of 1.13. Thus, 5.10b was plotted after the correction of 
predicted precipitation. However, Fig. 5.10c represented a no change in proportionality between 





Fig. 5.10. Double mass curve plot for the precipitation and solar radiation data by the model, 
csiro_mk3_6_0, for the baseline period. 
Fig. 5.11a and 5.11b illustrate the consistency between observed and predicted 
precipitation and solar radiation data for the model, ipsl_cm5a_mr. During the historical period, 
the proportionality between observed and predicted data for both the variables, precipitation, and 
solar radiation was found unchanged. Therefore, it represents a no break in the slope between 




Fig. 5.11. Double mass curve plot for the precipitation and solar radiation data by the model, 
ipsl_cm5a_mr, for the baseline period. 
Fig. 5.12a and 5.12b show the relationship between observed and predicted precipitation 
and solar radiation data for the model, miroc_miroc5. This model also demonstrates consistency 
between observed and predicted data for both the variables. Both the double mass curve plots 
represent the proportionality between observed and predicted data, because the slope between 
them is not changing. 
 
Fig. 5.12. Double mass curve plot for the precipitation and solar radiation data by the model, 
miroc_miroc5, for the baseline period. 
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5.4.6 Projected climate change during 2020-2059 
5.4.6.1.  Precipitation 
The projected change in rainfall during 2020-2059, from the baseline period (1980-2004) 
with four climate change scenarios, RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5, are shown in Fig. 
5.13. Fig. 5.13a (RCP 2.6) illustrates a significant increase in rainfall during monsoon season for 
all 10 years of the interval from 2020 to 2059. However, there was no particular fixed increase or 
decrease was found in precipitation for each decade. Winter season was observed having no 
significant change in rainfall compared to the baseline period. In the month of June, precipitation 
was observed to decrease for each decadal change. The maximum increase in precipitation of 58 
mm and 63 mm can be seen for 2020-2029 and  2030-2039, respectively in the month of July. 
Moreover, 2050-2059 showed an overall increase in precipitation in monsoon season.  
Fig. 5.13b (RCP 4.5), describes a change in precipitation from baseline period, showed a 
maximum increase in rainfall between the months of May-September. Two months, May and 
August, were found to have a constant increase in precipitation upto 21 mm and 58 mm, 
respectively. The increase in precipitation for the month of August was observed up to 2040-
2049. Precipitation again decreased by 20 mm in the month of August during 2050-2059. The 
highest change in rainfall of 77.02 mm was observed to occur in the month of September for the 
period of 2020-2029. Winter season exhibited no significant increase or decrease in the rainfall. 
Fig. 5.13c (RCP 6.0) illustrates the maximum increase in precipitation of 65 mm and 57 
mm in the months of August and September, respectively. However, increase, or decrease was 
totally independent of moving ahead with decades during 2050-2059. A regular trend was 
observed in the month of May, which showed an increase in precipitation from 2 mm to 17 mm. 
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Unlike RCP 2.6 and RCP 4.5, increase in rainfall by 21mm from baseline was observed in the 
months of the winter season, October and November. 
Fig. 5.13d (RCP 8.5), change in precipitation for the scenario RCP 8.5, also showed the 
similar variability in precipitation change, which increases in the monsoon season (June-
September) in al the 10 years of interval. Nevertheless, a significant trend in the increase in 
rainfall from 26 mm to 54 mm can be observed from May to July, August shows a decrease in 
rainfall by 7 mm, and September will again receive 52 mm more water, for the period of the 
2050s (2050-2059). The average highest rainfall of 87 mm will occur in September for the period 
(2020-2029). Large variability in the precipitation is because of uncertainty in the monsoon 
rainfall, which is the main cause of precipitation in Bihar. 
The change in precipitation substantiates the variability of rainfall in monsoon season in 
India. It can be inferred from the figures that rainfall sometimes may increase up to the very high 
extent or decrease up to very low level. These could be the cause of floods and droughts at few 







   
Fig. 5.13. Projection of precipitation change for 10 years of interval during 2020-2059 for (a) 
RCP 2.6, (b) RCP 4.5, (c) RCP 6.0 and (d) RCP 8.5. 
5.4.6.2 Maximum temperature 
Fig. 5.14(a) presents the projected change in maximum temperature from baseline for the 
low greenhouse gases emission scenario, RCP. 2.6.  In the winter season (December -February), 
the highest increase was observed in maximum temperature from 2020 to 2059. The lowest 
increase in winter season was observed of 0.19 0C during 2020-2029, and highest increase was 
computed of 1.64 0C during 2050-2059. The maximum temperature in pre-monsoon season 
(March-April) will increase by 1.75 0C during 2050-2059. It can be seen from the Fig. 5.14a that 
the range of increase in maximum temperature during monsoon season was very low compared 
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to other seasons. Since frequent rainfall and appearance of cloudy sky commence in the month of 
July, thus, temperature starts decreasing from the month of July. It can also be seen that the 
temperature went very high up to 3 0C during 2050-2059 in the month of June. Since monsoon 
comes late June, the change in Tmax was found to be at peak during this month. The maximum 
increase in the month of August during 2050-2059 was observed of 0.91 0C.     
Fig. 5.14b illustrates the change in maximum temperature during 2020-2059 for the climate 
change scenario, RCP 4.5.  A constant increase in maximum temperature can be envisaged from 
the figure 10b. The maximum temperature will increase up to 1.14 0C  and 1.94 0C during the 
winter of 2020 and 2059, respectively, with RCP 4.5. Pre-monsoon season is expected to feel the 
maximum rise of 2.24 0C during 2050-2059. It can also be seen from the figure 10b that 
monsoon season has not a continuous increasing or decreasing trend for all the months. Unlike 
other similaraities, the maximum temperature was shown to decrease by 0.35 0C in the month of 
October during 2020-2029. Similar to RCP 2.6, this scenario has also revealed less increase in 
maximum temperature during monsoon season. A highest increase of 0.94 0C was observed in 
the month of August during 2050-2059. 
Fig. 5.14c shows the change in maximum temperature during 2020-2059 with RCP 6.0. 
This scenario observed less increase in maximum temperature during winter season compared to 
RCP 4.5. During the winter of 2020-2029 and 2050-2059, the highest increase in maximum 
temperature was predicted to be 1 0C  and 1.79 0C, respectively. Monsoon season during the 
years of 2020-2029 and 2050-2059 will expect the change of 0.29 0C - 0.46 0C and 0.79 0C -0.88 
0C, respectively. The change in maximum temperature with worst-case scenario, RCP 8.5 has 
been presented in Fig. 5.14d. This scenario is expected to increase the maximum temperature 
during winter of 2020-2029 and 2050-2059 by 1.58 0C and 2.38 0C, respectively. Similar to other 
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scenarios, May and June will be hottest months all the years from 2020-2059. The maximum 
temperature will rise up to 3.20 0C and 3.38 0C in the months of May and June, respectively, 
during 2050-2059. Fig. 5.14d also expresses that the monsoon season will have a very high 
increase in maximum temperature compared to other scenarios. The highest change from the 
baseline will reach up to 1.17 0C during 2050-2059.  
  
  
Fig. 5.14. Projection of maximum temperature change for 10 years of the interval during 2020-
2059 for (a) RCP 2.6, (b) RCP 4.5, (c) RCP 6.0 and (d) RCP 8.5. 
5.4.6.3 Minimum temperature 
Fig. 5.15a illustrates the change in minimum temperature with RCP 2.6 from baseline 
period. A continuous increase in minimum temperature for most of the months were observed for 
every 10 years of the interval during 2020-2059. The highest increase of 0.89 0C and 1.55 0C 
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were predicted for winter season during 2020-2029 and 2050-2059, respectively. A largest 
increase can be seen in the winter season in future years. Decadal changes in minimum 
temperature during pre-monsoon season were lesser compared to the winter season. Monsoon 
season (June-September) will expect a minimum change of 0.39 0C in the month of September 
during 2020-2029, while the maximum change of 1.36 0C is expected to occur in the month of 
June during 2050-2059. 
Fig. 5.15b shows projection change in minimum temperature with the intermediate scenario, 
RCP 4.5. The month of November, during 2020-2029, will experience the rise in minimum 
temperature by 1.20 0C from the baseline period, and afterward, abrupt fall will lead the 
minimum temperature to reach up to 0.59 0C in December. Again, winter of 2050-2059 will 
expect the highest rise in minimum temperature of 2.20 0C in the month of November. In 
monsoon season, largest increase of 0.98 0C and 1.87 0C will occur during 2020-2029 and 2050-
2059, respectively, in the month of June. 
Fig. 5.15c presents the changes in minimum temperature for the intermediate scenario, 
RCP 6.0. Under this scenario, the month of November will again expect the highest increase in 
minimum temperature of 1.03 0C and 1.72 0C during 2020-2029 and 2050-2059, respectively. 
Pre-monsoon season (March-April) will receive the change of 0.76 0C and 1.49 0C during 2020-
2029 and 2050-2059, respectively. All months in monsoon season, except June, will experience a 
very small change in minimum temperature during 2020-2029. However, the projection change 
in minimum temperature will increase up to 1.23 0C during 2050-2059.  
Fig. 5.15d demonstrates the change in minimum temperature with the worst-case 
scenario, RCP 8.5. Similar to other scenarios, the month of November will experience the 
highest rise in minimum temperature of 1.310C and 2.450C during 2020-2029 and 2050-2059, 
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respectively. The smallest change of 0.79 0C can be seen from the Fig. 10d in the month of 
December for 2020-2029. Change in pre-monsoon season will lie between the winter and 
monsoon season. In monsoon season, the month of July will expect very little change of 0.490C, 
while June will observe the maximum rise of 1.670C, during 2020-2029. Further, the highest 




Fig. 5.15. Projection of minimum temperature change for 10 years of the interval during 2020-
2059 for (a) RCP 2.6, (b) RCP 4.5, (c) RCP 6.0 and (d) RCP 8.5. 
5.4.6.4 Solar radiation 
The projection change in solar radiation from the historical period has been presented in 
the Fig. 5.16. Fig. 5.16a shows the change in solar radiation with RCP 2.6. January-March are 
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not showing any significant change, which may be increasing or decreasing. However, the 
maximum decrease in solar radiation of 0.44 MJ/m2 to 0.70 MJ/m2  from 2020 to 2059 can be 
seen in the month of November in the winter season. The reason for the decrease in shortwave 
radiation will be an increase in greenhouse gases concentration which holds the radiation in the 
atmosphere from reaching the earth’s surface. A non-uniform shift each decade in solar radiation 
during 2020-2059 can be seen in monsoon season from the Fig. 5.16a, which shows the 
intermittent presence of cloudy sky and increase in greenhouse gases in the sky. Nevertheless, 
the maximum decrease in the shortwave radiation of 1.15 MJ/m2 in the month of May were 
observed from 2050 to 2059.  
Fig. 5.16b illustrates the change in shortwave radiation with the intermediate scenario, RCP 4.5. 
Two months in the winter season, November and December, will experience a largest decrease 
of 0.35 MJ/m2 during 2050-2059. Pre-monsoon will receive a maximum decrease of 1.27 MJ/m2 
during 2050-2059. There were no significant trend of increase or decrease could be seen in 
monsoon season from 2020 to 2059. However, projection change shows the decrease in solar 
radiation from baseline period. 
Fig. 5.16c, which shows the change in solar radiation with RCP 6.0, provides a better 
significant trend from 2020 to 2059, compared to other two previous scenarios. This scenario has 
shown less decrease in radiation in winter season compared to RCP 4.5. The month of April in 
pre-monsoon will feel the highest decrease by 1.29 MJ/m2 during 2050-2059.  However, months 
during 2020-2029 will observe less decrease in solar radiation. In monsoon season, June had 
shown the insignificant increase of 0.04 MJ/m2 and 0.12 MJ/m2 during 2020-2029 and 2030-
2039, respectively, and a maximum decrease of 1.19 MJ/m2 during 2050-2059. 
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Fig. 5.16d describes the projection change in solar radiation with worst-case scenario, 
RCP 8.5, which shows a significant trend in solar radiation each decade from 2020 to 2059. This 
scenario also establishes the fact that worst-case scenario will hamper the incoming solar 
radiation very critically. In winter season, maximum decrease will take place of  0.60 MJ/m2  and 
0.96 MJ/m2 during 2020-2029 and 2050-2059, respectively. Pre-monsoon season during 2050-
2059 will observe the decrease of 1.41 MJ/m2, and month of June, in monsoon season, will 
experience highest decrease of 2.82 MJ/m2. An average decrease for all months can be seen 




Fig. 5.16. Projection of solar radiation change for 10 years of interval during 2020-2059 for (a) 






The management of water resources is of paramount importance with the future climate 
change conditions, especially, for the people of Bihar where farmers are out of reach from the 
new technologies and are entirely dependent upon the rainfall for the agricultural production. 
Thus, this study was carried out to project the variability in future climate change, to establish 
the relationship between historical observed and model-simulated data, to observe the future 
climate trend from all the four used global climate models, and to project a total climate change 
from the ensemble of all the global climate models. 
The analysis of variability in historical period shows high variation in rainfall during 
monsoon season, which establishes the reason for appearing of flood and drought at the 
intermittent interval.  Minimum temperature has not shown much shift from the median value 
during all the seasons in the historical period. However, solar radiation plots for all the models 
demonstrated negative skewness in the data in almost all the months in the historical period.  
Further, the correlation value shows very strong relationship between the observed and 
simulated climate data for minimum and maximum temperature, and the deviation for these two 
factors was also very minimal. Due to the cloudiness during monsoon season and variability in 
precipitation, the correlation for precipitation and solar radiation was observed low, and the 
deviation between observed and simulated data for these two factors were also computed 
considerably higher compared to the maximum and minimum temperature.  
The trend test for the climate change from 2020-2059 showed consistent pattern for 
temperature by almost all the GCMs. On the contrary, a significant trend was not observed by 
most of the models for change in precipitation and solar radiation from 2020 to 2059. The 
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consistency analysis between observed and simulated climate data for all the four GCMs using 
double mass curve method revealed a strong relationship for precipitation with the models, 
bcc_csm1_1, ipsl_cm5a_mr, and miroc_miroc5. However, the biases showed by csiro_mk3_6_0 
was corrected with the division of predicted precipitation by the average slope. All the four 
GCMs did not demonstrate any inconsistency with observed and predicted solar radiation data.  
The projected change in precipitation with all the four climate change scenarios, RCP 2.6, 
4.5, RCP 6.0 and RCP 8.5, reveals that the rainfall in monsoon season (when rice is grown) is 
increasing from the baseline period (1980-2004). However, with all the scenarios, no continuous 
increase or decrease in rainfall for each decade during 2020-2059 were observed. The increase in 
projected minimum temperature was observed significantly higher compared to the change in 
maximum temperature during all the seasons. The solar radiation in the future years (2020-2059) 
shows a reduction from the baseline period. However, the decrease in solar radiation was higher 
with the worst-case scenario (RCP 8.5) compared to the lower (RCP 2.6) and intermediate 
scenarios (RCP 4.5 and RCP 6.0). 
Therefore, the assessment of variation in climatic factors will have implications for 
agricultural planning and management and will suggest to adopt for sustainable crop production 
in the purview of climate change. 
 






Impact of Climate Change on Water Requirement and Rice Production in India 
6.1 Introduction 
Food security is a big concern globally in near future. The rising global population will 
increase the global food demand between 60% to 100% by 2050 (GFFA, 2015). In order to 
ensure the sufficient food production, weather should be conducive for the proper crop growth 
and development. In the long run, climate change is expected to have an impact on the food 
availability and water requirement for crop cultivation. Under the climatic factors, precipitation, 
temperature, solar radiation and carbon dioxide are the primary cause for altering the crop 
production. The global future climate projection by the Intergovernmental Panel on Climate 
Change presents that the average annual temperature is expected to increase by 0.3°C to 1.7°C 
under RCP 2.6, 1.1°C to 2.6°C under RCP 4.5, 1.4°C to 3.1°C under RCP 6.0 and 2.6°C to 4.8°C 
under RCP 8.5 by the end of 21st century (IPCC, 2014).  
Rice is a staple food of South Asia, where 7% of the total land is used for rice cultivation. 
In India, rice is grown in 43 million ha area, around 27% of the total arable land. With the rapid 
population growth in India, which leads to urbanization, land use for rice production is gradually 
shrinking. The change in climate will put an additional significant impact on rice production in 
the country. Moreover, as per 2014-15 census by Government of India, Bihar is the 6th largest 
rice producing state in India; totally depends on the monsoon rainfall for rice cultivation. This 
state has a dearth of resources for agricultural production, thus, even inconsiderable change in 
weather causes the reduction in crop yield (Haris et al., 2013). Therefore, a study of climate 
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change on rice production to know the situation in the future becomes necessary for the state of 
Bihar. 
Most of the climate change studies have been performed collectively for India. However, 
the assessment of climate variation on crop production with current climate change scenarios has 
not been performed yet. Abeysingha et al. (2016) found an increase in annual rice yield from the 
2020s to 2080s with the Special Report on Emission Scenarios (SRES) - A2, A1B and B1. They 
observed the increase in water demand, but irrigation water was observed to decrease in the 
future due to increase in monsoon rainfall. Shah and Srivastava (2017) indicated that higher 
temperature causes the reduction in Kharif rice, showed the temperature as an important function 
of rice yield. The impact of climate change will reduce the rice production in the range of 4.5 -9% 
by 2039 in India (Guiteras, 2009). A study on average climate change impact by Aufhammer et 
al. (2012), based on the collected data during 1966-2002 from all the states in India, showed the 
adverse impact of water stress and excess rainfall on rice yield. Their analysis using Monte Carlo 
simulation showed the drought frequency as a reason for the reduction in yield by 1.7%.  
Although various studies have been conducted to assess the impact of climate change on 
other crops for the regions of Bihar, most of them followed the scenarios of IPCC 4th report 
(IPCC, 2007).  The impact of climate change scenario, A2, during 2020-2080 on potato showed 
a decrease in yield by a maximum of 5.9%, 15% and 24.8% by 2020, 2050 and 2080, 
respectively (Haris et al., 2015). Under the similar climate change scenario, A2, rice yield was 
estimated an increase of 2.7%, a decrease of 0.3% and 31.3 % by 2020, 2050 and 2080, 
respectively (Haris et al., 2010).  In order to assess the climate smartness of current land use for 
agriculture in Bihar, Shirsath et al. (2017) used productivity, incomes and emission as 
benchmarks, and recommended the derivation of various evidence and reasonings from the 
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outline of the database for climate-smart intervention through bio-economic land use analysis. 
These studies to investigate the impact of climate change on crop yield used the crop growth 
model, INFOCROP (Aggarwal et al., 2008), which has been limited to the Indian condition. 
Thus, the study for Bihar also needs to use the crop-growth model which is used globally.  
Therefore, the objectives of this study are: (i) to apply the crop growth model - DSSAT to 
predict the changes in the rice yield, water demand and phenological growth in Bihar, India, due 
to the effect of the projected change in climate by 2050s, (ii) to investigate the change in the 
irrigation requirement for rice production by 2050s with current condition, RCP 2.6, RCP 4.5, 
RCP 6.0 and RCP 8.5. In order to meet the demand of the growing population by 2050s, the rice 
yield in Bihar needs to be increased, because it is the staple food for the people of this state. 
Therefore, we also analyzed the requirement of irrigation water for 60% increase in rice yield by 
2050s. Our approach adapted various management strategies to recommend the best management 
practices in order to maximize the rice production and minimize water requirement. We 
investigated the following scenarios: (a) to estimate the change in irrigation water requirement 
for increasing the rice yield by 60% with current practice and climate change scenarios - RCP 
2.6, RCP 4.5, RCP 6.0 and RCP 8.5, (b) the change in irrigation water requirement for 60% more 
yield with conservation agriculture with current practice, and climate change scenarios - RCP 
2.6, RCP 4.5, RCP 6.0 and RCP 8.5, (c) the change in the irrigation water requirement for 
increasing the rice yield by 30% ( other 30% increase in yield would be achieved by reducing 
postharvest losses by 30%) with current practice, and climate change scenarios - RCP 2.6, RCP 
4.5, RCP 6.0 and RCP 8.5, (d) the change in irrigation water requirement for 30% more yield 
with conservation agriculture and reducing the post-harvest loss by 30%, with current practice, 
and climate change scenarios - RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5. 
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6.2 Material and methods 
6.2.1 Study area description and agricultural dataset for crop modeling 
The study area for this experiment is located in the farm of the Borlaug Institute of South 
Asia, Pusa, Bihar, India, which is situated at a latitude of 25058’ N and longitude of 85040’ E, 
with an elevation of 52 m from sea level (Fig. 6.1). The climate of the study area is hot and 
humid summer and cold winters with an average annual rainfall of 1297 mm, mainly received in 
the monsoon season (June to September). The soil type of the experimental site is alluvial sandy 
loam, which has 0.42% of organic matter content. Rice is the primary crop which is grown by 
farmers, followed by wheat and maize. Monsoon season is utilized to cultivate the rice crop 
because of high water demand, and wheat, which needs less water, is grown in the Rabi season 
(November – May). The long-term puddling-transplanted rice experimental data were collected 
during the monsoon season from 2006 – 2015 (current condition).  These 10 years of data were 
used to calibrate and validate the CERES-Rice model in DSSAT.  
 
Fig. 6.1. Map of the study area - Bihar, a state in India. 
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6.2.2 Climate data 
The historical and future climate data to use in this study were collected from Climate 
Change, Agriculture and Food Security (CCAFS) (www.ccafs-climate.org/data/), developed by 
Consultative Group on International Agricultural Research (CGIAR). The AgMIP Modern-Era 
Retrospective Analysis for Research and Applications (AgMERRA) was used as observation 
dataset for an available historical period of 25 years. These daily time series climatic datasets, 
which provide high-resolution (0.25o ×0.25o) and consistency in climate data, were designed 
particularly to assess the impact of climate change and variability on agricultural production. 
AgMERRA dataset is a combination of reanalysis data (the Modern-Era Retrospective Analysis 
for Research and Applications, MERRA, and the Climate Forecast System Reanalysis, CFSR) 
and the dataset collected from various observatory networks and satellites. 
The historical simulated data was generated using four recent global climate models 
(bcc_csm1_1, csiro_mk3_6_0, ipsl_cm5a_mr, miroc_miroc50. These GCMs were selected based 
on the four selection approaches, vintage, resolution, validity, and representativeness of results, 
suggested by Smith and Hulme (1998). The description of vintage and resolution has been 
provided in Table D.1 (Appendix D). Further, this historical period was used to produce future 
climate data of 40 years (2020-2059) for all the four representative concentration pathways (RCP 
2.6, RCP 4.5, RCP 6.0 and RCP 8.5), which are the future climate change scenarios adopted in 
IPCC 5th assessment report. All the four RCPs refer to the net radiative forcing taken up by the 





6.2.3 Processing of climate data  
Global climate models are the primary source of climate data for analysis of climate 
change impact at global and local scales. However, the raw data obtained from GCMs 
simulations contain large deviations from observed historical data (Ramirez-Villegas et al. 
2013). The models’ outputs are projected at limited spatial resolution (>50 km) and contain 
systematic errors due to the coarse resolution. Therefore, errors and biases need to be removed in 
order to make the raw climate data of GCMs well projected to use in crop modeling studies. Bias 
correction method is applied to correct all these flaws of GCMs raw data. The approach to 
producing quality data using this method is to subtract the mean and variability between 
simulated and observed data in a reference period (Hawkins et al., 2013). 
The quantile mapping, a bias correction method, was selected to correct the GCMs data 
and works well for both stochastic and non-stochastic variables. In order to produce a good 
quality data, this method uses the transfer function between the simulated and observed data to 
modify the simulated values (Gudmundsson et al., 2012). However, the assumption is made that 
the biases and errors will be same in historical observation and future data set (Thrasher et al., 





Fig. 6.2. Flow chart of obtaining the climate data for DSSAT simulation. 
6.2.4 DSSAT simulation to assess the impact of climate change on rice production 
DSSAT was simulated using the baseline (1908-2004) and future climate (2020-2059) 
data generated from each of the four GCMs with all the four scenarios, RCP 2.6, RCP 4.5, RCP 
6.0 and RCP 8.5. The ensemble mean of the outputs from DSSAT simulation for each of the four 
GCMs was taken as an average crop growth, yield, and water requirement for baseline period 
and future years. The impact of climate change on rice yield, phenological days and water 
demand were computed for every 10 years of the interval from 2020-2059 relative to the baseline 
period using Equation 6.1.  
 
 Percentage change in rice yield, phenology, and water demand 
= (( Future simulated value − Baseline value)/(Baseline value)) × 100  
   
(6.1) 
The flow chart of estimation of climate change impact on rice production, phenological 




Fig. 6.3. Flow chart of estimating the impact of climate change on rice production, phenological 
days, and water requirement, using DSSAT simulation. 
6.2.5 Estimation of irrigation water requirement for rice production 
The CERES-Rice model (Jones et al., 2003) was used to study the irrigation requirement 
for rice production with current (2006-2015) and future climate change condition (2020-2059). 
Since crop yield is a function of various factors such as water, fertilizer, and weather while 
keeping other factors as constant, the mathematical form of the equation (Heeren et al., 2007) is 
written as Equation 6.2: 
 𝑌 = 𝑓(𝑊,𝑊𝑒, 𝐹) (6.2) 
Where, Y is the yield, W represents the water requirement; We, weather parameters 
(precipitation, temperature, solar radiation, etc.), and F, fertilizer input. Further, the crop growth 
model also computes the yield productivity, as a function of irrigation water, precipitation, 
temperature, and fertilizer input. Thus, the yield productivity will provide the fraction of 




 𝑌𝑝 = 𝑓(𝑃𝑃𝑇, 𝐼𝑟, 𝐸𝑇,𝑁𝑢) (6.3) 
Where, Yp is the yield productivity, PPT represents the percentage of yield productivity from 
precipitation, Ir is the percent of yield productivity from irrigation water, ET represents the 
percentage of yield productivity from evapotranspiration, and Nu shows the percent yield 
productivity from fertilizer inputs.  
Based on the simulated yield productivity from various resources by DSSAT, the 
percentage of irrigation requirement for the total yield was estimated, in order to compute the 
requirement of irrigation water for increasing the yield by 60%. Considering, precipitation and 
nutrient inputs will be constant, the productivity of these two factors will not change. However, 
the change in yield productivity from ET, due to the increase in irrigation requirement was 
assumed as insignificant. Since the ET will be driven by CO2 concentration and temperature 
changes, and both are already taken into account, yield from ET was assumed constant. DSSAT 
model was also simulated for conservation agriculture, with keeping the residue of 2500 kg/ha, 
which had produced the maximum obtained yield through sensitivity analysis procedure. 
Therefore, the yield productivity from different resources obtained with conservation agriculture 
method was used to estimate the irrigation requirement to increase the yield by 60%. Further, we 
assumed if the post-harvest loss of 30% is reduced, it will be required to increase the yield only 
by 30%. Thus, the requirement of irrigation water with reducing the post-harvest loss was 






6.3 Results and discussions 
6.3.1 Climate change impact on the rice yield, phenology, and water requirement 
Table D.2 and Table D.3 (Appendix D) describes the change in yield, precipitation, 
irrigation requirement, rice water demand and CO2 concentration with current condition and 
climate change scenarios - RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5. It can be seen from the 
Table D.2 that the yield with the current condition has increased from the baseline period 
because the increase in precipitation and CO2 concentration have been observed for this 10 year 
of the period. Further, increase in rice yield leads to increase the water demand. The change in 
yield, water demand and phenology with all the four scenarios, RCP 2.6, RCP 4.5, RCP 6.0 and 
RCP 8.5 are described below. 
6.3.1.1 RCP 2.6 
The change in yield with RCP 2.6 shows that the yield during 2020-2029 increased by 
2.25 % from the baseline period (Fig. 6.4a and Table D.2 (Appendix D)). This increase in yield 
was caused due to increase in precipitation and CO2 concentration by 9% and 62 ppm, 
respectively. Since projection change in maximum and minimum temperature showed very little 
change from the baseline period, it could not alter the rice production. In addition, due to 
increase in rice production during 2020-2029, the water demand also increased by 5.06% (Fig. 
6.4b). The increase in water demand could be understood in a way that if the temperature had not 
been increased, water demand was higher compared to projected requirement. Therefore, 
interpretation of change in yield considers various factors are working together for obtained yield 
after harvest.  Moreover, Fig. 6.4c shows that total decrease in phenological days of 1.38 days 
was observed during 2020-2029 with RCP 2.6. Although the change in panicle initiation days 
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was insignificant during this period, anthesis and maturity days decreased by 0.32 day and 1.07 
days, respectively. This change in phenological days shows that the small change in temperature 
could not affect the growing degree days (GDD) for rice. This indicates a minimal effect of 
temperature change on rice phenological days, and thus, it could not reduce the rice yield during 
this period.  
Fig. 6.4a and Table D.2 (Appendix D) demonstrate that the rice yield during 2030-2039 
for RCP 2.6 decreased by 0.80%. Even though precipitation and CO2 concentration increased by 
4.58% and 77 ppm, respectively, obtained rice yield was lower compared to 2020-2029. Despite 
the minimal increase in temperature from the previous decade, decrease in rice phenology by 
2.36 days made and impact for reducing the rice yield (Fig. 6.4c). Reduction in rice yield and a 
decrease in phenological days decreased the water demand by 1.82 % (Fig. 6.4b). This decrease 
in water demand was also contributed by the increase in CO2 concentration, which decreased the 
water requirement for crop growth. However, all three phenological stages - panicle initiation, 
anthesis, and maturity - can be seen to decrease during 2030-2039.  
During 2040-2049 for RCP 2.6, rice yield, water demand and phenological days 
decreased by 3%, 1.21% and 3.40 days, respectively (Fig. 6.4a, 6.4b and 6.4c). The increase in 
precipitation of 0.14% during this period was insignificant, which is the one reason of adverse 
impact on rice yield. However, CO2 concentration increased by 82 ppm from the historical 
period. Contribution in yield reduction was due to large increase in temperature compared to 
previous decades, and a significant reduction in solar radiation. This decrease in solar radiation 
affects the photosynthetic process and metabolical growth in a plant, which will add to the 
reduction in rice yield. Both factors, increase in temperature and decrease in solar radiation, 
reduced the panicle initiation, anthesis and maturity days by 0.35 day, 0.81 day and 2.24 days, 
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respectively (Fig. 6.4c). Thus, decrease in phenological days significantly induced the reduction 
in rice yield and water demand, both. 
The change in yield during the 2050s (2050-2059) with RCP 2.6 decreased by 2.94 % 
(Fig. 6.4a). The decrease in rice yield during this period reduced the water demand by 0.81% 
(Fig. 6.4b). Even though precipitation and CO2 concentration increased by 6.86 % and 83 ppm, 
respectively, the abrupt increase in maximum and minimum temperature dominant over other 
factors. However, decrease in water demand during this period compared to previous decades 
could be the result of high CO2 concentration. It can also be inferred that produced yield was 
higher if CO2 concentration were not high. Moreover, decrease in solar radiation and increase in 
temperature led to decrease in panicle initiation, anthesis and maturity days by 0.92 days, 1 day 
and 2.68 days, respectively (Fig. 6.4c). This total reduction of 4.6 days in phenological days, 











 6.3.1.2 RCP 4.5 
During 2020-2029, increase in precipitation and CO2 concentration of 18.66% and 105 
ppm, respectively, from the baseline period caused the yield to increase by 5.36% with RCP 4.5 
(Fig. 6.5a and Table D.2 (Appendix D)). A large increase in rice yield caused the water demand 
to be increased by 5.87% (Fig. 6.5b). Indeed, water demand was higher for this significant 
increase in rice yield, but CO2 concentration contributed to a reduction in water requirement for 
rice growth and yield. Otherwise, water demand was even more higher for this period. Similar to 
RCP 2.6, panicle initiation days increased by 0.05 day during 2020-2029, although this is 
insignificant (Fig. 6.5c). However, anthesis and maturity days were reduced by 0.41 days and 
1.32 days, respectively, due to increase in temperature and decrease in solar radiation. This total 
reduction of 1.68 days in rice phenology also added in the reduction of water demand and yield; 
else it was higher compared with abundant rainfall and high CO2 concentration.  
Fig. 6.5a shows the increase in rice yield of 1.95% during 2030-2039 with RCP 4.5. 
Prediction of the rise in precipitation and CO2 concentration of 11.66% and 89 ppm, 
respectively, caused an increase in yield during this period. However, a decrease in CO2 
concentration during this period caused the small reduction in yield, compared to last decade 
(Table D.1). Nevertheless, increase in water demand of 2.83 % was observed during 2030-2039 
with RCP 4.5 (Fig. 6.5b). A significant increase in water demand was due to increase in rice 
yield. Further, total phenological days reduced by 2.58 days, due to increase in maximum and 
minimum temperature, and a decrease in solar radiation (Fig. 6.5c). Change in weather factors 
decreased the panicle initiation, anthesis and maturity days by 0.08 days, 0.74 days and 1.76 
days, respectively. Therefore, it can be inferred that a significant decrease in rice phenology had 
also influenced the water demand and rice yield, which were higher, otherwise.  
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Increase in rice yield of 3.66 % was observed during 2040-2049 with the intermediate 
scenario, RCP 4.5 (Fig. 6.5a). Although precipitation and CO2 concentration increased by 
19.20% and 114 ppm, respectively, the dominance of increase in temperature and decrease in 
solar radiation caused the yield to decrease compared to last decade with this scenario. It can also 
be inferred that this high precipitation and CO2 concentration caused an increase in yield; 
otherwise, temperature change would reduce the rice yield. The water demand for the increase in 
yield was 3.24% from 2040-2049 with RCP 4.5 (Fig. 6.5b). Further, panicle initiation, anthesis 
and maturity days decreased by 0.52 day, 0.91 day and 2.48 days, respectively (Fig. 6.5c). This 
total decrease of 4 days will obviously impact the rice yield, even though precipitation and CO2 
concentration were higher.  
Fig. 6.5a shows the decrease in rice yield by 3.87% during 2050s (2050-2059). Change in 
temperature and solar radiation were totally unfavorable for conducive growth of rice. Thus,  
even though precipitation increased by 6.32%, rice yield decreased during this period. Water 
demand also decreased by 2.63 % over the baseline period for obtained yield (Fig. 6.5b). This 
can be contributed both by high CO2 concentration of 497 ppm and reduction in rice yield. 
Adverse impact of high temperature and low solar radiation, which decreased the total 
phenological days by 5.73 days (Fig. 6.5c), also affected the rice growth phases and reduced the 
rice yield, significantly. It can be seen from the Fig. 6.5c that the panicle initiation, anthesis and 
maturity days decreased by 1.25 days, 1.57 days and 2.91 days, respectively, which affected rice 
growth stages severely. Consequently, rice yield declined despite high precipitation and CO2 










6.3.1.3 RCP 6.0 
The increase in yield of 2.27% was obtained during 2020-2029, when precipitation was 
higher by 9.74%, with RCP 6.0 (Fig. 6.6a). Comparison of both the intermediate scenarios (RCP 
4.5 and RCP 6.0) express that the precipitation with RCP 6.0 was less compared to RCP 4.5 
during this period, but water requirement for rice growth were fulfilled by increasing the 
irrigation volume. CO2 concentration decreased by 8 ppm from RCP 4.5, but few months during 
growing season were observed with higher temperature and low solar radiation. These non-
uniform changes in climatic factors caused the yield to increase by 2.27% during 2020-2029. The 
reduction in yield of 4.17%, 3.48 % and 4.02%, can be seen from the Fig. 6.6a, during 2030-
2039, 2040-2049 and 2050-2059, respectively, for RCP 6.0. This scenario has shown decrease in 
yield during each decade from 2030-2059. It was observed that precipitation and CO2 
concentration, from 2030 onwards, for this scenario were less compared to intermediate scenario, 
RCP 4.5 (Table D.3 (Appendix D)). However, increase in temperature and decrease in solar 
radiation were approximately same for both the intermediate scenarios, or in few months during 
the growing season, they were little worse compared to RCP 4.5. This reveals the cause of 
decrease in yield during these decades with RCP 6.0. Similarly, water demand also increased by 
2.02% during 2020-2029, and effects of decrease in yield were seen for water demand, that are 
1.62 %, 2.43 %, 1.82 % and 4.05 %, during 2020-2029, 2030-2039, 2040-2049 and 2050-2059, 
respectively (Fig. 6.6b). Thus, all the climatic factors, changing simultaneously, altered the water 
demand and rice yield. Fig. 6.6c demonstrates the decrease in phenological days of 1.89 days, 
2.23 days, 4.08 days and 6.03 days during 2020-2029, 2030-2039, 2040-2049 and 2050-2059, 
respectively, with RCP 6.0. This decrease in total phenological days shows that impact of 
temperature and solar radiation were larger compared to RCP 4.5, which ultimately affected the 
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yield and water demand. Further, all the growth stages during each decade from 2020-2059 – 
panicle initiation, anthesis and maturity – also validate the adverse impact of temperature and 




Fig. 6.6. Climate change impact on rice yield (a), water demand (b) and phenology (c) with 
scenario, RCP 6.0. 
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6.3.1.4 RCP 8.5 
Fig. 6.7a illustrates the increase in yield of 2.87% during 2020-2029. However, increase 
in precipitation and CO2 concentration were of 4.12 % and 76 ppm, respectively. Increase in CO2 
concentration was found less compared to intermediate scenarios, but being favorable to rice 
growth, it helped increasing the yield. Water requirement during this period for proper growth 
was achieved by increasing the irrigation amount, even precipitation was less. Further, Fig. 6.7b 
shows the increase in water demand of 1.42% during 2020-2029. This change in water demand is 
contributed by increase in rice yield during this period. It can be discerned from the Table D.3 
(Appendix D) that water demand was more higher, if CO2 concentration would not increase. It 
can also be seen that panicle initiation days increased for all the scenarios during 2020-2029, 
which shows the GDD for this stage is not being affected by increase in temperature and solar 
radiation. Similarly, for this scenario, panicle initiation days increased by 0.07 days, which also 
supported the increase in yield (Fig. 6.7c). All other growth stages, anthesis and maturity days, 
decreased by 0.58 day and 1.64 days, respectively, and reduced the total phenological days by 
2.15 days (Fig. 6.7c). Therefore, these all processes working together, establishing the 
complexity of climate change impact on rice production.   
During 2030-2039, rice yield increased by 3.62% for RCP 8.5 (Fig. 6.7a). For this 
increase in yield, precipitation and CO2 concentration increased by 12.48% and 107 ppm, 
respectively. Water demand for this period will increase by 3.04%, and total phenological days 
will decrease by 2.83 days. Panicle initiation, anthesis and maturity days will be decreased by 
0.16-day, 0.77 day and 1.9 days, respectively, during 2030-2039 (Fig. 6.7b and 6.7c). Increase in 
temperature and decrease in solar radiation were worse compared to other scenarios, which 
resulted in reducing the phenological days. Therefore, even after increasing the CO2 
129 
 
concentration, rice yield did not increase in that proportion, because of temperature and solar 
radiation effects. 
Fig. 6.7a also demonstrates the increase in yield, precipitation and CO2 concentration of 
1.38%, 6.17%, and 152 ppm, respectively, during 2040-2049. Increase in high CO2 concentration 
led the water demand only increased by 0.40% (Fig. 6.7b). Further, high increase in maximum 
and minimum temperature with decrease in solar radiation declined the panicle initiation, 
anthesis and maturity days by 0.87-day, 1.11 day and 2.79 days, which also affected the rice 
yield (Fig. 6.7c).  
The decrease in rice yield of 5.84% during 2050-2059 with RCP 8.5, shows that 
temperature played a dominant role in rice growth and development (Fig. 6.7a). However, 
increase in the CO2 concentration of 210 ppm, reveals that above a certain limit it will have no 
impact on crop yield. Water demand is also decreasing by 5.26% during this period (Fig. 6.7b). 
Further, total phenological days decreased by 6.96 days, where panicle initiation, anthesis and 
maturity days were reduced by 1.63 days, 2.05 days and 3.28 days, respectively (Fig. 6.7c). The 











Fig. 6.7. Climate change impact on rice yield (a), water demand (b) and phenology (c) with 
scenario, RCP 8.5. 
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6.3.2 Irrigation water requirement for different management practices with current 
condition (a), RCP 2.6 (b), RCP 4.5 (c), RCP 6.0 (d), and RCP 8.5 (e). 
6.3.2.1 Current condition 
Fig. 6.8a illustrates the need of irrigation water with different management practices, if 
current condition exists in the state of Bihar. With the present condition, 28 % irrigation water is 
applied for obtaining the current yield. If rice yield needs to be increased by 60%, in order to 
fulfill the demand of increasing population, the rice cultivation with existing puddling method 
will need 45% of irrigation water. If conservation agriculture (direct-seeded rice with the residue 
of 2.5 ton/ha) is adapted for the same 60% high production from current condition, irrigation 
requirement will be reduced up to 32% by saving 13 % irrigation water. However, when post-
harvest loss of rice yield is reduced by 30%, irrigation requirement will become 36%. Further, if 
we combine both conservation agriculture and reducing post-harvest losses by 30%, the 
irrigation requirement would be reduced by 26 % (45% to 19%).  
 




6.3.2.2 RCP 2.6 
Fig. 6.8b demonstrates the irrigation requirement with lowest greenhouse gases emission 
scenario, scenario, RCP 2.6. Irrigation requirement for the obtained yield during the 2050s was 
computed to be 27%. Although rice yield decreased by 2.94% during the 2050s for RCP 2.6, a 
significant decrease in irrigation requirement from current condition was not observed due to 
increase in temperature and precipitation. For the 60% increase in yield with puddling 
transplanted method of rice, irrigation requirement was estimated to be 44%. Using the 
conservation agriculture method for a same increase in yield, irrigation requirement will be 
reduced up to 31 %. If post-harvest losses of 30% are reduced with current puddling cultivation 
method of rice, irrigation requirement would be 38% and saves 6% water. When the post-harvest 
loss of 30% is combined with conservation agriculture, irrigation requirement would be reduced 
by 20% (44% to 24%).  
 




6.3.2.3 RCP 4.5 
Fig. 6.8c shows the irrigation requirement for climate change condition, RCP 4.5. The 
decreased yield of 3.87 % by 2050s will need the 26% irrigation water. The irrigation 
requirement for 60% increase in yield was estimated to be 43%. The decrease in water from the 
current condition and RCP 2.6, is because of high CO2 concentration and high precipitation, 
which contribute towards the yield, and ultimately, decrease the irrigation requirement. If 
condition 3, conservation agriculture is used to increase 60% yield, the irrigation requirement 
will be reduced to 28%. Since CO2 concentration is high and the residue is applied in this 
practice, both will contribute toward saving the irrigation water. However, only reducing the 
post-harvest loss with puddling cultivation method of rice, 35% irrigation water will be required. 
Further, when condition 5 is used, irrigation requirement will decrease up to 22%, because all 
phenomena, such as high CO2 concentration, crop residue, and reducing the post-harvest loss, 
would contribute together. 
 
Fig. 6.8c. Change in irrigation water requirement for an increase in yield by 60 % with RCP 4.5. 
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6.3.2.4 RCP 6.0 
Fig. 6.8d illustrates the irrigation requirement with the intermediate scenario, RCP 6.0. 
Irrigation requirement during the 2050s with scenario was observed to be only 23%, which is 
least amongst all scenarios. This decrease with RCP 6.0 was examined due to largest rainfall 
during the 2050s, compared to all the climate change conditions. It was also observed that CO2 
concentration was less during this period with RCP 6.0, which led to increase in irrigation 
productivity and that reduced the irrigation demand. Following this reason, it can also be seen 
that for 60% increase in yield with current cultivation technique, irrigation requirement was 
observed to be 39%. Using the condition 3, when conservation agriculture technique is applied 
for 60% high production, irrigation requirement reduced up to 26%. If reduction in post-harvest 
loss of 30% is incorporated with puddling technique, irrigation requirement will be 30%. If we 
combine conservation agriculture with the post-harvest loss, irrigation demand would be only 
17%, saving 22% (39% to 17%) irrigation water for 60% increase in yield. 
 
Fig. 6.8d. Change in irrigation water requirement for an increase in yield by 60 % with RCP 6.0. 
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6.3.2.5 RCP 8.5 
Fig. 6.8e illustrates the irrigation requirement for climate change condition, RCP 8.5. 
Since precipitation and CO2 concentration during the 2050s were very high, for the decreased 
yield of 5.84%, the irrigation water of 24% would be required. The total increase for achieving 
the 60% high yield, irrigation requirement was computed to be 41%. If conservation agriculture 
is applied, the crop residue will also support the less water application, and thus, irrigation 
requirement will be reduced up to 25%. Further, reducing the post-harvest loss by 30% with 
puddling method is used (condition 4), irrigation requirement will be reduced by 8% (41% to 
33%).  When post-harvest loss and conservation agriculture would be applied (condition 5), 
irrigation requirement would reduce up to 21%. 
 







Rice is a primary crop which is mostly grown during the monsoon season in Bihar and 
farmers are totally dependent upon the monsoon rainfall for cultivation. Thus, change in climatic 
factors will have a profound impact on the production. Considering these issues, this study was 
carried out to examine the climate change impact on rice production, water requirement and 
phenology by 2050s. We also examined the change in irrigation requirement with different 
scenarios for rice production to 60% by 2050s.  
RCP 2.6 and RCP 6.0 showed increase in yield during 2020-2029, but after this period, 
yield was observed to decrease till the 2050s with both the scenarios. The rice yield was found 
increasing over the baseline period for RCP 4.5 and RCP 8.5 by 2049. The dominance of 
increase in precipitation and CO2 concentration over the change in temperature during this period 
caused an increase in rice yield. During 2050s, change in temperature had more influence on rice 
growth and yield compared to precipitation and CO2 concentration. Change in water demand was 
observed to vary with fluctuation in yield. The change in water demand was affected by the 
change in CO2 concentration (which reduces the water requirement and increases the yield), 
indicating the water demand gets higher with increase in yield, but CO2 concentration is lower. 
In addition to that, the gradual decrease in phenological days reflected that rice growth was 
affected by increase in temperature and decrease in solar radiation. 
The decline in irrigation requirement with future scenarios during 2050s compared to 
current condition was due to a decrease in yield and increase in precipitation and CO2 
concentration.  These two factors, precipitation and CO2 concentration, supported the rice growth 
and yield without utilizing much irrigation water. In order to increase the yield by 60% with 
current puddling technique, the highest amount of irrigation water will be used with current 
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climatic condition, which decreases with climate change scenarios. This is due to increase in 
precipitation and CO2 concentration, which balance the irrigation requirement for an increase in 
yield. Amongst all the four climate change scenarios, the least irrigation requirement for 60% 
yield increase was found with the intermediate scenario, RCP 6.0. It was interpreted that 
precipitation was high during the 2050s with RCP 6.0, which minimized the irrigation 
requirement. Furthermore, the CO2 concentration was low during the 2050s for RCP 6.0, 
compared to RCP 4.5 and RCP 8.5, led to increase in irrigation to increase productivity. The 
increase in 60% yield with various management practices shows that the adaptation of 
conservation agriculture and reduction of post-harvest loss by 30% requires less amount of 
irrigation water compared to all other strategies. 
In summary, various approaches to estimate the irrigation requirement for rice production 
can be stated as: 
1. The irrigation requirement is 28 % for rice production with current condition (5580 kg/ha) 
where puddling technique is used for cultivation. The yield obtained with climate change 
scenarios, RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5, were 5306 kg/ha, 5255 kg/ha, 5247 
kg/ha and 5148 kg/ha, respectively, for 2050s, and requires 27%, 26%, 23% and 24% 
irrigation water, respectively. Although the yield decreased by 2050s, the lower irrigation 
requirement was also probably due to increased amount of precipitation by 2050s. 
2. Increase in yield by 60% by 2050s with current agronomic conditions, RCP 2.6, RCP 4.5, 
RCP 6.0 and RCP 8.5 needs 45%, 44%, 43%, 39% and 41% irrigation water, respectively. 
These results show that on an average, irrigation water demand would be increased by 17% 
for a 60% increase in yield, although precipitation might increase by 2050s. This is 
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undesirable because there may not be any additional water resources available in Bihar to 
support this increased irrigation requirement to increase crop yield by 2050s. 
3. If conservation agriculture is utilized, irrigation requirement for the 60% increase in yield 
would be 32%, 31%, 28%, 26% and 25% with current condition, RCP 2.6, RCP 4.5, RCP 6.0 
and RCP 8.5, respectively. These results show that an increase of 60% yield can be achieved 
with conservation agriculture by only a 1-4% increase in irrigation requirement, given other 
conditions remain the same. 
4. To increase the yield by 30% with puddling technique of rice cultivation (and reducing the 
post-harvest losses by 30%) will need irrigation water of 36%, 38%, 35%, 30% and 33% 
with current condition, RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5, respectively. These results 
show that for a 30% yield increase, an increase in irrigation requirement of about 9% will be 
required. 
5. Increase in yield by 30% (and reducing post-harvest losses by 30%) and applying conservation 
agriculture will need 19%, 24%, 22%, 17% and 21% irrigation water with current condition, 
RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5, respectively. These results are very encouraging. 
These indicate that a 60% yield increase (by reducing post-harvest losses by 30%, increasing 
crop yield by 30%, and using conservation agriculture), the irrigation water demand may 
actually decrease by 3-9% by 2050s, as predicted by the crop growth model. This is a much 
desired condition where we will need to increase food production to feed the increased 






Implication of CO2 Effects on Rice Yield and Water Requirement and Assessment of Crop 
Model Outputs with an Ensemble of GCMs 
7.1 Introduction 
Climate change is a global concern. The global average surface temperature is expected 
to increase between 30 - 40C, and atmospheric carbon dioxide is likely to increase between 730-
1020 ppm, by the end of the present century (Devkota et al., 2013; Figueiredo et al., 2015). This 
change in future climate from the current scenario will have a dynamic impact on rice production 
around the world (Kumar et al., 2017). The impact associated with a rise in temperature, change 
in carbon dioxide level and unpredictable variation in rainfall will be of major economic and 
social importance for the regions where rice is the staple crop, by affecting the rice growth, yield 
and water requirement (Lobell et al., 2011). 
Rice is the staple food for the people of India, which is grown on 43 million hectares of 
area. In India, Bihar contributes to the total rice production as a 6 th largest rice producing state. 
The population of the state is 115.2 million, where 88.70% of the total population live in 
villages. An 80% of the population living in this state depend on agriculture for their livelihood. 
It gives the insight that the state is far away from urbanization and development of industries.  
Thus, any significant change in carbon dioxide concentration in the state of Bihar may be 
uncertain. However, we investigated the impact of change in carbon dioxide concentration on 
crop production, in case such changes become prominent during next few decades in Bihar.   
Various studies, around the globe, have assessed the combined climate change impact on 
crop production. Drewry et al. (2010) found the reduction in transpiration by 7% for soybean (C3 
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crop) and negligible stimulation of photosynthesis for Maize (C4 crop), under elevated CO2 
concentration. Devkota et al. (2013) using the B1 and A1F1 scenarios under the previous report 
of IPCC suggested the increase in rice yield with increased temperature and CO2 concentration. 
They also found the adverse impact on rice yield of short duration variety due to climate change. 
Elevated CO2 increases the yield and water productivity and reduces the crop evapotranspiration 
by decreasing stomatal conductance (Vanuytrecht et al., 2012). Adachi et al. (2014) examined 
the effects of elevated CO2 concentration by 200 µmol mol-1 from the ambient concentration and 
increased soil and water temperatures by 20 C on the rice photosynthesis rate and growth stages; 
they revealed that elevated CO2 concentration with increased temperature reduces the light-
saturated leaf photosynthesis rate with advancing of rice growth stages. A sunlit growth chamber 
experiment on the rice variety, IR72, at various levels of CO2 concentration by Kumar et al. 
(2017) demonstrated the increase in aboveground dry weight and water use efficiency with 
increase in carbon dioxide concentration. Figueiredo et al. (2015) observed that an increase in 
temperature limits the crop yield. However, the combined effect of increased CO2 concentration 
and temperature will increase the crop yield up to a certain extent. 
These studies have assessed the effect of temperature and CO2 concentration on the crop 
yield by keeping a constant increased value. However, these studies have not investigated the 
impacts of current climate change scenarios developed by the IPCC 5th on crop yield and water 
demand with change in CO2 concentrations. The estimations of yield, water demand and growth 
phases due to differences between current and future CO2 concentrations were not investigated 
by these studies.  
Therefore, in this chapter we investigated the impact of CO2 concentration on rice yield, 
water demand, and phenology and compared the results obtained in Chapter 6. Further, we also 
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investigated the change in outputs of crop yield, water demand and phenology between two 
methods of estimation – crop model simulation with ensemble of GCMs and ensemble of the 
outputs from the crop model simulations. 
7.2 Material and methods 
7.2.1 Study area description and agricultural dataset for crop modeling 
The experimental site for this study is situated in the farm of Borlaug Institute of South 
Asia, Pusa, Bihar, India, between the latitude of 25058’ N and longitude of 85040’ E. The 
elevation of the study area is 52 m from mean sea level (Fig. 7.1). It receives a mean annual 
rainfall of 1297 mm, most of it falls in the monsoon season (June to September). Climate of the 
region is hot and humid summers with cold winters. Since most part of the state lies in the Indo-
Gangetic Plain, soil type for the study area is alluvial sandy loam.  Rice is the staple food for the 
state, thus, farmers mainly cultivate this crop for their livelihood. In order to cultivate this crop, 
they are totally dependent upon the monsoon rainfall.  
The CERES-Rice model in DSSAT used in this study was calibrated and validated with 




Fig. 7.1. A view of the study area. 
7.2.2 Climate data 
The collection of climate data for this study has already been discussed in Chapter 6. 
7.2.3 Climate data correction  
Processing steps of the data usable for crop modeling study have also been described in 
Chapter 6. 
7.2.4 DSSAT simulation to assess the implication of CO2 on crop production, water 
requirement, and phenology 
The  study reported in Chapter 6 was conducted with the changed CO2 concentrations for 
all the climate change scenarios. Thus, it provided the outcomes incorporating the impact of 
changed CO2 concentrations on crop production. In this chapter, the CERES-Rice model was 
simulated with a default value of 400 ppm of CO2 for all the climate change scenarios. Other 
climatic factors, such as precipitation, temperature, and solar radiation, were not changed, but 
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kept similar to the obtained datasets corresponding to each of the global climate models. The 
selection of a default value of CO2 concentration of 400ppm was made by selecting “Read from 
weather file” option under the “Simulation Options.” Then, CO2 concentration under the 
“Environmental modifications” was also used as 400 ppm for every year from 2020-2059. 
However, simulation for the historical period of 1980-2004 was simulated with the same CO2 
concentration obtained from Keeling Curve (Mauna Loa Observatory). The Keeling Curve is 
regulated by Mauna Loa Observatory, Hawaii, and it provides the actual CO2 concentration, and 
also used by DSSAT model for prediction of CO2 concentration. The reason for selecting a 
default value of 400 ppm was based on prediction of CO2 concentration by the Keeling Curve for 
the present condition.  
Thus, in this chapter, DSSAT was simulated for the future climate (2020-2059) data with 
keeping the default value of 400 ppm of CO2 concentration for all the four scenarios- RCP 2.6, 
RCP 4.5, RCP 6.0 and RCP 8.5. Furthermore, similar to the previous study, the ensemble mean 
of the outputs from DSSAT simulation for each of the four GCMs was taken as average crop 
growth, yield, and water requirement for future years. The impact of climate change on rice 
yield, phenological days and water demand were computed by using Equation 7.1 for every 10 
years of the interval from 2020-2059 relative to the baseline period as folows:  
 
 Percentage change in rice yield, phenology, and water demand 
= (( Future simulated value − Baseline value)/(Baseline value)) × 100  
   
(7.1) 
The flow chart of the estimation of climate change impact on rice production, phenological days, 




Fig. 7.2. Flow chart of estimating the impact of climate change on rice production, phenological 
days, and water requirement, using DSSAT simulation. 
7.2.5 Estimation of crop yield, water demand, and phenology from the ensemble climate 
data 
In chapter 6 of this study, the CERES-Rice model was simulated with inputting climate 
data of each GCM, and the outputs from the crop model were ensembled for all the GCMs. This 
procedure was followed for all the four climate change scenarios (RCP 2.6, RCP 4.5, RCP 6.0 
and RCP 8.5). However, in this chapter, the climate data of all the four GCMs were first 
ensembled before giving input into the crop model. Therefore, the simulation obtained from the 
crop model for yield, water demand, and phenology was used as final outcomes for this study. 




Fig. 7.3.  Flow chart of estimating the crop yield, water demand, and phenology from the 
ensemble climate data. 
7.3 Results and discussions 
7.3.1 Impact of change in CO2 concentration on rice yield, phenology, and water 
requirement 
Table 7.1 presents the change in CO2 concentration for all the 10 years of the interval 
with baseline period and climate change scenarios - RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5. 
This table shows increase in CO2 concentrations from the default value of 400 ppm.  
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Table 7.1. Change in CO2 concentration generated by IPCC 5th report for all the four climate 
change scenarios. 
Year RCP 2.6 RCP 4.5 RCP 6.0 RCP 8.5 
1980-2004 (Historical Period) 359 ppm 
2020-2029 421 ppm 464 ppm 456 ppm 435 ppm 
2030-2039 436 ppm 447 ppm 438 ppm 466 ppm 
2040-2049 441 ppm 473 ppm 462 ppm 511 ppm 
2050-2059 443 ppm 497 ppm 492 ppm 567 ppm 
 
The yield, water demand and phenology predictions with the changed values of CO2 
concentrations (as given in Table 7.1) have already been presented in the previous chapter. The 
new values of yield, water demand and phenological changes with a default value of CO2 
concentration of 400 ppm are presented in the following sections.   
7.3.1.1 RCP 2.6 
The change in yield with RCP 2.6 during 2020-2029 with a CO2 concentration of 400 
ppm is decreased by 5.32 % from the baseline period (Fig. 7.4a). Since the yield with changed 
CO2 concentration (as given in Table 7.1) increased by 2.25% from the historical period, the total 
change in yield was estimated to be decreased by 7.57%. Although, the CO2 concentration has 
increased from the baseline period, increase in temperature and decrease in solar radiation might 
have caused decrease in the yield. 
Since projection change in minimum temperature was higher compared to a maximum 
temperature from the baseline period, both together affected the rice production.  In addition, due 
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to a decrease in CO2 concentration by 21 ppm (421-400) for the default concentration, during 
2020-2029, the water demand also increased by 7.64% (Fig. 7.4b). Despite a decrease in yield, 
an increase in water demand was most likely due to a decrease in CO2 concentration and increase 
in temperature. Moreover, Fig. 7.4c shows a decrease in total phenological days of 3.83 days 
during 2020-2029 for RCP 2.6. The decrease in panicle initiation days was very insignificant 
during this period, anthesis and maturity days decreased by 0.74 day and 2.83 days, respectively. 
This change also shows that the decrease in CO2 concentration reduces the phenological days. 
Fig. 7.4a demonstrates that the rice yield during 2030-2039 for RCP 2.6 decreased by 
8.93%.  During this period, the increase in precipitation was also less compared to the previous 
decade, and CO2 concentration decreased by 36 ppm, which affected the yield. The decrease in 
rice phenology by 4.74 days reduced the rice yield, dramatically (Fig. 7.4c). Since rice yield 
decreased and the difference in a CO2 reduction from the previous decade was also not very 
large, resulted in a decrease in water demand by 5.58% from the baseline period (Fig. 7.4b).  
During 2040-2049 for RCP 2.6, rice yield and phenological days decreased by 14.20% 
and 9.64 days, respectively (Fig. 7.4a and 7.4c). The increase in water demand due to the total 
decrease of 41 ppm in default CO2 concentration from changed value was found to be 7.90% 
(Fig. 7.4b). The increase in precipitation was observed to be 0.14% during this period, which was 
a very insignificant increase, caused to increase the water demand. Contribution in yield 
reduction, increased water demand and decreased phenological days, was due to large increase in 
temperature and decrease in solar radiation compared to previous. All the factors together, 
increased temperature, and decreased solar radiation and CO2 concentration, reduced the panicle 




The change in yield during the 2050s (2050-2059) for RCP 2.6 decreased by 15.45 % 
(Fig. 7.4a). It shows that the reduction in CO2 concentration causes a more decrease in yield 
because it was the primary contributor to increase the rice production in climate change 
condition. Therefore, with decreased CO2 concentration, phenological days will also be reduced 
very significantly and will decrease the rice yield. The decrease in CO2 concentration during this 
period increased the water demand by 7.82% (Fig. 7.4b). Moreover, decrease in CO2 
concentration, solar radiation and increase in temperature led to decrease in panicle initiation, 

















 7.3.1.2 RCP 4.5 
During 2020-2029, a decrease in default CO2 concentration by 64 ppm, reduced the yield 
by 7.01% (Fig. 7.5a). The rice yield could have decreased more if precipitation was not high of 
19% from the baseline value. This decrease in CO2 concentration and solar radiation and 
increase in temperature caused the water demand to be increased by 13.52%, with a total change 
of 8% (Fig. 7.5b). Similar to RCP 2.6, panicle initiation days increased by 0.02 days during 
2020-2029, although this is insignificant (Fig. 7.5c). However, anthesis and maturity days were 
reduced by 0.96 days and 3.35 days, respectively, due to an increase in temperature, and a 
decrease in solar radiation and CO2 concentration. This total reduction of 4.29 days in rice 
phenology also caused the rice yield to be decreased.  
Fig. 7.5a shows the increase in rice yield of 10.26% during 2030-2039 for RCP 4.5. 
Decrease in precipitation compared to the previous decade, and a reduction in CO2 concentration 
and solar radiation caused more decrease in yield and increase in water demand by 13.90% (Fig. 
7.5b). Although, a decrease in CO2 concentration during this period was less compared to last 
decade, the increase in temperature was found to be significant to alter the yield, water demand, 
and phenology. Furthermore, reduction in total phenological days by 6.19 days, was a combined 
effect of factors – decrease in CO2 concentration, increase in maximum and minimum 
temperature, and a decrease in solar radiation (Fig. 7.5c). Change in all the above factors 
decreased the panicle initiation, anthesis and maturity days by 0.39 day, 1.64 days and 4.16 days, 
respectively.  
Increase in rice yield was observed to be 9.31 %, during 2040-2049 for the intermediate 
scenario, RCP 4.5 (Fig. 7.5a). Although CO2 concentration decreased by 73 ppm, the increase in 
precipitation by 19% contributed to lesser effect on yield reduction, compared to the previous 
151 
 
decade. The water demand during this period increased by 15.01%, which shows an increase in 
temperature, decrease in CO2 concentration, and solar radiation played an essential role in this 
high demand (Fig. 7.5b). Moreover, panicle initiation, anthesis and maturity days decreased by 
1.19 days, 2.01 days and 7.11 days, respectively (Fig. 7.5c). This total decrease of 10.31 days 
will also be caused to decrease in rice yield, significantly. 
Fig. 7.5a shows the decrease in rice yield by 17.23% during the 2050s (2050-2059). This 
prediction proves that a change in CO2 concentration contributes very significantly to increase 
the rice yield. Therefore, a total decrease of 12.51% was observed during this period with 400 
ppm of CO2 concentration. Water demand also increased by 12.56 % from the baseline period 
with RCP 4.5, during the 2050s (Fig. 7.5b). It shows the increase in temperature and decrease in 
CO2 concentration increases the water demand for rice yield. All the climatic factors, including a 
decrease in CO2 concentration, reduced the total phenological days by 12.05 days (Fig. 7.5c), 
also affected the rice growth phases and reduced the rice yield, significantly. It can be seen from 
the Fig. 7.5c that the panicle initiation, anthesis and maturity days decreased by 1.48 days, 2.65 













7.3.1.3 RCP 6.0 
The decrease in yield was estimated to be 9.86%, during the 2020-2029 (Fig. 7.6a). The 
decrease in the default value of CO2 concentration by 56 ppm, shows the impact on decreasing 
the rice yield and an increase in water demand by 11.98% (Fig. 7.6b). The reduction in yield of 
16.46%, 17.73 %, and 18.74%, can be seen from the Fig. 7.6a, during 2030-2039, 2040-2049 and 
2050-2059, respectively, for RCP 6.0. Climate data provide the evidence of variation in yield for 
each decade. The more decrease in yield with this scenario. However, the decrease in CO2 
concentration was found to be insignificant less compared to the previous scenario. Similarly, 
water demand increased by 7.64% 5.58 %, 6.69 % and 7.82 %, during 2020-2029, 2030-2039, 
2040-2049 and 2050-2059, respectively (Fig. 7.6b). This result illustrates that the decrease in 
CO2 concentration and the increase in temperature was the prominent reason behind the increase 
in water demand. Moreover, Fig. 7.6c demonstrates the decrease in phenological days of 4.42 
days, 6.30 days, 10.51 days and 12.10 days during 2020-2029, 2030-2039, 2040-2049 and 2050-
2059, respectively, for RCP 6.0. This large decrease in phenological days shows the adverse 
impact of the decrease in CO2 concentration and solar radiation, an increase in temperature on 









Fig. 7.6. Climate change impact on rice yield (a), water demand (b) and phenology (c) with the 
scenario, RCP 6.0. 
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7.3.1.4 RCP 8.5 
Fig. 7.7a illustrates the decrease in yield of 8.56% during 2020-2029. However, an 
increase in precipitation and decrease for the default CO2 concentration from the changed value 
was of 4.12 % and 35 ppm, respectively. Furthermore, Fig. 7.7b shows the increase in water 
demand of 10.15% during 2020-2029. The result proves that the increase in water demand 
caused by a decrease in CO2 concentration. Similarly, for this scenario, panicle initiation, 
anthesis and maturity days decreased by 0.18, 1.24 and 4.86 days, respectively (Fig. 7.7c). All 
the phenomena provide the complex relationship and wide impact of CO2 concentration on rice 
yield, water demand, and phenology.  
During 2030-2039, rice yield decreased by 10.21% for RCP 8.5 (Fig. 7.7a). For this 
decrease in yield, change in precipitation and default CO2 concentration from the changed value 
was observed to be +12.48% and -66 ppm, respectively. Water demand for this period will 
increase by 13.43%, and total phenological days will decrease by 8.09 days. Panicle initiation, 
anthesis and maturity days will be decreased by 0.62-day, 1.74 days and 5.73 days, respectively, 
during 2030-2039 (Fig. 7.7c).  
Fig. 7.7a and 7.7b illustrate the decrease in yield and increase in water demand by 
14.10% and 14.79%, respectively. This large reduction in yield and high water demand show the 
cause of decrease is CO2 concentration, which decreased by 111 ppm for the default value. 
Further, decrease in CO2 concentration, high increase in maximum and minimum temperature 
with decrease in solar radiation declined the panicle initiation, anthesis and maturity days by 1.26 
days, 2.86 days and 8.71 days, which also affected the rice yield (Fig. 7.7c).  
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The decrease in rice yield of 23% during 2050-2059 for RCP 8.5, shows that the decrease 
in CO2 concentration of 167 ppm and high temperature caused a significant reduction in rice 
yield (Fig. 7.7a). Water demand increased by 13.98% during this period (Fig. 7.7b). Further, total 
phenological days decreased by 14.55 days, where panicle initiation, anthesis and maturity days 















Fig. 7.7. Climate change impact on rice yield (a), water demand (b) and phenology (c) with the 
scenario, RCP 8.5. 
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7.3.2 Change in yield, water requirement and phenological days, obtained from CERES-
Rice simulation using ensembled climate data of GCMs 
7.3.2.1 RCP 2.6 
Fig. 7.8a illustrates the change in rice yield with an ensemble of GCMs simulation (Table 
E.1 (Appendix E)). During 2020-2029, the yield increased by 2.01% from the baseline period, 
which is 0.24% lesser than the yield with an individual simulation of GCM. Water demand 
increased by 3.59% from the historical period making a significant difference with individual 
simulation by 1.49% (Fig. 7.8b). Fig. 7.8c corroborates the decrease in yield and water demand 
by showing a decrease in total phenological days by 0.20 days. The increase in panicle initiation 
days was very insignificant of 0.02 days from the baseline period. However, anthesis and 
maturity days decreased by 0.24 and 0.96 days, respectively. The results demonstrate the average 
weather of ensemble GCMs smoothed out the climate data and provided an average change in 
the yield, water demand, and phenology. 
Fig. 7.8a demonstrates that the rice yield during 2030-2039 for RCP 2.6 decreased by 
0.34%.  The total decrease between two methods of results is 0.46%. The water demand 
decreased by 1.47% from the baseline with the ensemble of GCMs (Fig. 7.8b). The results show 
that some higher and lower results may be smoothed out with an ensemble of GCMs. The 
decrease in rice phenology by 2.18 days also shows the insignificant change between the two 
methods of obtained results (Fig. 7.8c). The panicle initiation, anthesis and maturity days were 
decreased by 0.08, 0.56 and 1.54 days, respectively. 
During 2040-2049 for RCP 2.6, rice yield, water demand and phenological days 
decreased by 2.43%, 0.63% and 3.10 days, respectively (Fig. 7.8a, 7.8b and 7.8c). All the factors 
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together, increase in temperature and decrease in solar radiation, reduced the panicle initiation, 
anthesis and maturity days by 0.28 day, 0.70 day and 2.12 days, respectively (Fig. 7.8c). 
However, the comparison between two methods of obtaining results shows a decrease with the 
ensemble of GCMs. 
The rice yield decreased by 2.16% from the historical period with an ensemble of GCMs 
(Fig. 7.8a). The total change between the two methods of obtaining outputs showed the 
difference of 0.78%.  The decrease in yield reduced the water demand in the same proportion and 
decreased by 0.16% (Fig. 7.8b). Furthermore, the decrease in solar radiation and increase in 
temperature caused to decrease in panicle initiation, anthesis and maturity days by 0.81 days, 











Fig. 7.8. Climate change impact on rice yield (a), water demand (b) and phenology (c) with the 
scenario, RCP 2.6, using an ensemble of GCMs simulation. 
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7.3.2.2 RCP 4.5 
Fig. 7.9a shows the increase in yield by 4.12% with an ensemble of GCMs to obtain the 
outputs (Table E.1 (Appendix E)). A larger change in yield between both the methods showed 
the reduction was also high compared to the previous scenario. This also led the water demand to 
be decreased by 4.29% from the baseline period (Fig. 7.9b). The difference between both the 
methods was found to be 1.58%. However, there was no any significant difference was found to 
be with phenological days between both the methods. The panicle initiation days increased by 
0.02 days, and anthesis and maturity days decreased by 0.37 and 1.23 days, respectively (Fig. 
7.9c). The total decrease was estimated to be 1.58 days from the historical period. 
  The increase in rice yield was estimated to be 1.06% during 2030-2039 for RCP 4.5 (Fig. 
7.9a). The total decrease in yield from the previous method was observed to be 0.89%. The water 
demand increased by 2.10% during this period, shows the total decrease of 0.73% from the 
simulation results in corresponding individual GCM (Fig. 7.9b). This period shows the reduction 
in panicle initiation, anthesis and maturity days decreased by 0.05 day, 0.68 day and 1.61 days, 
respectively (Fig. 7.9c). This total decrease of 2.34 days, predicts the difference of 0.24 days 
between two methods of estimation. 
Furthermore, Fig.7.9a also shows the increase in rice yield of 3.37% from the baseline 
period, during 2040-2049. The change was not significant between both the methods due to high 
temperature and high CO2 concentration. The water demand was also found to be increased by 
3.01%, and this increase is also very closer to the increase with the previous method (Fig. 7.9b). 
The decrease in phenological days of 3.57 days was sum of a decrease in panicle initiation, 




Fig. 7.9a shows the decrease in rice yield by 3.19 % during the 2050s (2050-2059). The 
decrease in rice yield also led to a reduction in water demand in the same ratio, which was found 
to be decreased by 2.38 days (Fig. 7.9b).  High temperature and low solar radiation decreased the 
total phenological days by 5.04 days (Fig. 7.9c), can be seen from the Fig. 7.9c that the panicle 
















Fig. 7.9. Climate change impact on rice yield (a), water demand (b) and phenology (c) with the 
scenario, RCP 4.5, using an ensemble of GCMs simulation. 
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7.3.2.3 RCP 6.0 
The increase in yield of 1.48% can be seen from the Fig. 7.10a and Table E.2 (Appendix 
E), during 2020-2029. This change in yield between two methods of estimation was found to be 
0.54%. The increase or decrease in yield compared to the intermediate scenario, RCP 4.5, shows 
the variation in precipitation, temperature, solar radiation and CO2 concentration with both the 
scenarios. The reduction in yield by 3.45 %, 2.89 %, and 3.76%, can be seen from the Fig. 7.10a, 
during 2030-2039, 2040-2049 and 2050-2059, respectively, for RCP 6.0. Similarly, water 
demand also increased by 1.48% during 2020-2029, and a decrease in yield caused to reduce the 
water demand by 1.47 %, 0.84 % and 2.68 %, during 2030-2039, 2040-2049 and 2050-2059, 
respectively (Fig. 7.10b). This change in water demand very much was the effect of a change in 
CO2 concentration for all the 10 years of interval. Further, Fig. 7.10c illustrates the decrease in 
phenological days by 1.72 days, 2.78 days, 3.61 days and 5.53 days during 2020-2029, 2030-
2039, 2040-2049 and 2050-2059, respectively, for RCP 6.0.  
The decrease in phenological days caused the rice yield and water demand to decrease, 
significantly. Nevertheless, CO2 concentration aided in to reduce the water demand. Thus, the 







Fig. 7.10. Climate change impact on rice yield (a), water demand (b) and phenology (c) with the 
scenario, RCP 6.0, using an ensemble of GCMs simulation. 
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7.3.2.4 RCP 8.5 
Fig. 7.11a shows the increase in yield by 2.37%, 3.43% and 1.24% from the baseline 
period, during 2020-2029, 2030-2039 and 2040-2049, respectively. The small change of 0.50%, 
0.19% and 0.14% for the period of 2020-2029, 2030-2039 and 2040-2049, respectively, between 
the two methods, describe the increase in temperature led to similar results. However, the 
increase in water demand for all the decades up to 2050 shows that higher temperature from all 
the individual GCM caused to increase the water demand. The increase in water demand was 
found to be 1.47%, 3.57% and 0.78%, during 2020-2029, 2030-2039 and 2040-2049, 
respectively (Fig. 7.11b). The decrease in water demand for the 2050s was found to be 4.98%, 
and the difference between the two methods was very insignificant at 0.34%. Furthermore, the 
decrease in phenological days was estimated to be 1.87 days, 2.52 days, 4.31 days and 6.47 days, 
during 2020-2029, 2030-2039, 2040-2049 and 2050-2059, respectively (Fig. 7.11c). The change 









Fig. 7.11. Climate change impact on rice yield (a), water demand (b) and phenology (c) with the 




The change in climate is an important phenomenon that needs to be considered for future 
crop production. Bihar, a state in India, where farmers are living below the poverty line, is in 
need of proper management guidelines to combat climate change issues for crop production. This 
chapter assessed the impact of the change in CO2 concentration on the rice production and 
variation in yield due to simulation with an ensemble of GCMs. 
The CERES-Rice model simulation with the default value of CO2 concentration (400 
ppm) showed a large reduction in yield with all the four climate change scenarios. During 2020-
2029, the lowest decrease in yield of 5.32% was observed with RCP 2.6, and the maximum 
decrease of 8.56% was estimated with RCP 8.5. The increase or decrease in yield was also found 
to be the factors of total change in precipitation, temperature, and solar radiation. During 2050, 
the decrease of 15.45% (lowest) and 22.91% (highest) was observed with RCP 2.6 and RCP 8.5, 
respectively. The variation in water demand for all the scenarios was found to be changing with 
the change in precipitation, temperature, CO2 concentration and increase or decrease in yield. 
However, the reduction in CO2 concentration up to 400 ppm from the changed value will 
increase the water demand for all the scenarios. Furthermore, the decrease in CO2 concentration 
up to 400 ppm will also decrease the phenological days by a maximum of 14 days with RCP 8.5, 
during the 2050s. 
In addition, the CERES-Rice model simulation with an ensemble of GCMs revealed not a 
larger difference in the desired outputs – rice yield, water demand, and phenology, compared 
with the model simulation corresponding to the individual GCM. However, the increase or 
decrease in yield and water demand was affected by variation in precipitation and change in 
temperature. Even though the yield was observed to decrease with the worst-case scenario, the 
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water demand was found little higher upto 2050s, compared to the other method of simulation. It 
suggests that high temperature will require more water for rice production. Furthermore, the 





















8.1 For objective 1, the following conclusion was drawn:  
The CERES-rice model of DSSAT version 4.6 was used to simulate rice yield for the 
state of Bihar, India. Based on the statistical measures, this study showed an acceptable 
agreement between observed and predicted rice phenology and grain yield. The model efficiency 
of 75 % with five years of validation data indicates that the model reasonably predicts the yield 
and would enable the producers to make decisions on the crop management operations. The 
model efficiencies (ME) from validation for panicle initiation days, anthesis days and maturity 
days were calculated to be 0.66, 0.81 and 0.58, respectively. Thus, ME values for rice phenology 
demonstrates a good agreement (ME>0) between observed and simulated data. 
The model predicted decrease in grain yield due to water stress condition during 
vegetative, reproductive and maturity phase to 24%, 42%, and 33 %, respectively. These results 
indicate critical growth period during which water stress should be avoided and supplemental 
irrigation should be implemented. Further, in order to achieve maximum production, optimum 
transplanting date of Rajendra Mahsuri rice should be during the month of June, and avoid 
transplanting before June 1st and after June 30th. Residue incorporation of 2.5 ton/ha would 
increase the yield by 20-25% compared to the fields where no residue is applied. The simulation 
of CERES-Rice model suggests a range of 15-25 cm and 2-4 cm of row spacing and planting 
depth, respectively, to produce an optimum yield. Furthermore, by maintaining a 4-6 cm of 
ponding depth in a rice field during total crop duration until 10 days before harvesting would 
increase the yield by 10-15%, compared to no ponding in the field.  
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Therefore, an adaptation of these management strategies indicated by results of CERES-
Rice model can help achieve the optimum rice production while minimizing farmers’ efforts and 
economic inputs. 
8.2 For objective 2, the following conclusion was drawn:  
The management of water resources is of paramount importance with the future climate 
change conditions, especially, for the people of Bihar where farmers are out of reach from the 
new technologies and are entirely dependent upon the rainfall for the agricultural production. 
Thus, this study was carried out to project the variability in future climate change, to establish 
the relationship between historical observed and model-simulated data, to observe the future 
climate trend from all the four used global climate models, and to project a total climate change 
from the ensemble of all the global climate models. 
The analysis of variability in historical period shows high variation in rainfall during 
monsoon season, which establishes the reason for appearing of flood and drought at the 
intermittent interval.  Minimum temperature has not shown much shift from the median value 
during all the seasons in the historical period. However, solar radiation plots for all the models 
demonstrated negative skewness in the data in almost all the months in the historical period.  
Further, the correlation value shows very strong relationship between the observed and 
simulated climate data for minimum and maximum temperature, and the deviation for these two 
factors was also very minimal. Due to the cloudiness during monsoon season and variability in 
precipitation, the correlation for precipitation and solar radiation was observed low, and the 
deviation between observed and simulated data for these two factors were also computed 
considerably higher compared to the maximum and minimum temperature.  
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The trend test for the climate change from 2020-2059 showed consistent pattern for 
temperature by almost all the GCMs. On the contrary, a significant trend was not observed by 
most of the models for change in precipitation and solar radiation from 2020 to 2059. The 
consistency analysis between observed and simulated climate data for all the four GCMs using 
double mass curve method revealed a strong relationship for precipitation with the models, 
bcc_csm1_1, ipsl_cm5a_mr, and miroc_miroc5. However, the biases showed by csiro_mk3_6_0 
was corrected by the division of predicted precipitation by the average slope. All the four GCMs 
did not demonstrate any inconsistency with observed and predicted solar radiation data.  
The projected change in precipitation with all the four climate change scenarios, RCP 2.6, 
4.5, RCP 6.0 and RCP 8.5, reveals that the rainfall in monsoon season (when rice is grown) is 
increasing from the baseline period (1980-2004). However, with all the scenarios, no continuous 
increase or decrease in rainfall for each decade during 2020-2059 were observed. The increase in 
projected minimum temperature was observed significantly higher compared to the change in 
maximum temperature during all the seasons. The solar radiation in the future years (2020-2059) 
shows a reduction from the baseline period. However, the decrease in solar radiation was higher 
with the worst-case scenario (RCP 8.5) compared to the lower (RCP 2.6) and intermediate 
scenarios (RCP 4.5 and RCP 6.0). 
Therefore, the assessment of variation in climatic factors will have implications for 
agricultural planning and management and will suggest to adopt for sustainable crop production 





8.3 For objective 3, the following conclusion was drawn:  
Rice is a primary crop which is mostly grown during the monsoon season in Bihar and 
farmers are totally dependent upon the monsoon rainfall for cultivation. Thus, change in climatic 
factors will have a profound impact on the production. Considering these issues, this study was 
carried out to examine the climate change impact on rice production, water requirement and 
phenology by 2050s. We also examined the change in irrigation requirement with different 
scenarios for rice production to 60% by 2050s.  
RCP 2.6 and RCP 6.0 showed increase in yield during 2020-2029, but after this period, 
yield was observed to decrease till the 2050s with both the scenarios. The rice yield was found 
increasing over the baseline period for RCP 4.5 and RCP 8.5 by 2049. The dominance of 
increase in precipitation and CO2 concentration over the change in temperature during this period 
caused an increase in rice yield. During 2050s, change in temperature had more influence on rice 
growth and yield compared to precipitation and CO2 concentration. Change in water demand was 
observed to vary with fluctuation in yield. The change in water demand was affected by the 
change in CO2 concentration (which reduces the water requirement and increases the yield), 
indicating the water demand gets higher with increase in yield, but CO2 concentration is lower. 
In addition to that, the gradual decrease in phenological days reflected that rice growth was 
affected by increase in temperature and decrease in solar radiation. 
The decline in irrigation requirement with future scenarios during 2050s compared to 
current condition was due to a decrease in yield, and increase in precipitation and CO2 
concentration.  These two factors, precipitation and CO2 concentration, supported the rice growth 
and yield without utilizing much irrigation water. In order to increase the yield by 60% with 
current puddling technique, the highest amount of irrigation water will be used with current 
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climatic condition, which decreases with climate change scenarios. This is due to increase in 
precipitation and CO2 concentration, which balance the irrigation requirement for an increase in 
yield. Amongst all the four climate change scenarios, the least irrigation requirement for 60% 
yield increase was found with the intermediate scenario, RCP 6.0. It was interpreted that 
precipitation was high during the 2050s with RCP 6.0, which minimized the irrigation 
requirement. Furthermore, the CO2 concentration was low during the 2050s for RCP 6.0, 
compared to RCP 4.5 and RCP 8.5, led to increase in irrigation to increase productivity. The 
increase in 60% yield with various management practices shows that the adaptation of 
conservation agriculture and reduction of post-harvest loss by 30% requires less amount of 
irrigation water compared to all other strategies. 
In summary, various approaches to estimate the irrigation requirement for rice production can be 
stated as: 
1. The irrigation requirement is 28 % for rice production with current condition (5580 kg/ha) 
where puddling technique is used for cultivation. The yield obtained with climate change 
scenarios, RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5, were 5306 kg/ha, 5255 kg/ha, 5247 
kg/ha and 5148 kg/ha, respectively, for 2050s, and requires 27%, 26%, 23% and 24% 
irrigation water, respectively. Although the yield decreased by 2050s, the lower irrigation 
requirement was also probably due to increased amount of precipitation by 2050s. 
2. Increase in yield by 60% by 2050s with current agronomic conditions, RCP 2.6, RCP 4.5, 
RCP 6.0 and RCP 8.5 needs 45%, 44%, 43%, 39% and 41% irrigation water, respectively. 
These results show that on an average, irrigation water demand would be increased by 17% 
for a 60% increase in yield, although precipitation might increase by 2050s. This is 
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undesirable because there may not be any additional water resources available in Bihar to 
support this increased irrigation requirement to increase crop yield by 2050s. 
3. If conservation agriculture is utilized, irrigation requirement for the 60% increase in yield 
would be 32%, 31%, 28%, 26% and 25% with current condition, RCP 2.6, RCP 4.5, RCP 6.0 
and RCP 8.5, respectively. These results show that an increase of 60% yield can be achieved 
with conservation agriculture by only a 1-4% increase in irrigation requirement, given other 
conditions remain the same. 
4. To increase the yield by 30% with puddling technique of rice cultivation (and reducing the 
post-harvest losses by 30%) will need irrigation water of 36%, 38%, 35%, 30% and 33% 
with current condition, RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5, respectively. These results 
show that for a 30% yield increase, an increase in irrigation requirement of about 9% will be 
required. 
5. Increase in yield by 30% (and reducing post-harvest losses by 30%) and applying conservation 
agriculture will need 19%, 24%, 22%, 17% and 21% irrigation water with current condition, 
RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5, respectively. These results are very encouraging. 
These indicate that a 60% yield increase (by reducing post-harvest losses by 30%, increasing 
crop yield by 30%, and using conservation agriculture), the irrigation water demand may 
actually decrease by 3-9% by 2050s, as predicted by the crop growth model. This is a much 
desired condition where we will need to increase food production to feed the increased 
population by 2050 with reduced need for irrigation water. 
Therefore, conservation agriculture and post-harvest loss reduction are the two best 
management practices the farmers in Bihar may like to adopt. Along with these two practices, 
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transplanting rice during the month of June, maintaining a 4-6 irrigation ponding depth, a row 
spacing of 15-25 cm, and a planting depth of 2-5 cm would provide optimum conditions for 
increasing Rajendra Mahsuri rice production in Bihar.  These recommendations can be extended 
(with or without modification) to increase rice production and minimize water requirement at 
other parts of the world to eliminate hunger problem globally.  
8.4 For objective 4, the following conclusion was drawn:  
The change in climate is an important phenomenon that needs to be considered for future 
crop production. Bihar, a state in India, where farmers are living below the poverty line, is in 
need of proper management guidelines to combat climate change issues for crop production. This 
chapter assessed the impact of the change in CO2 concentration on the rice production and 
variation in yield due to simulation with an ensemble of GCMs. 
The CERES-Rice model simulation with the default value of CO2 concentration (400 
ppm) showed a large reduction in yield with all the four climate change scenarios. During 2020-
2029, the lowest decrease in yield of 5.32% was observed with RCP 2.6, and the maximum 
decrease of 8.56% was estimated with RCP 8.5. The increase or decrease in yield was also found 
to be the factors of total change in precipitation, temperature, and solar radiation. During 2050, 
the decrease of 15.45% (lowest) and 22.91% (highest) was observed with RCP 2.6 and RCP 8.5, 
respectively. The variation in water demand for all the scenarios was found to be changing with 
the change in precipitation, temperature, CO2 concentration and increase or decrease in yield. 
However, the reduction in CO2 concentration up to 400 ppm from the changed value will 
increase the water demand for all the scenarios. Furthermore, the decrease in CO2 concentration 
up to 400 ppm will also decrease the phenological days by a maximum of 14 days with RCP 8.5, 
during the 2050s. 
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In addition, the CERES-Rice model simulation with an ensemble of GCMs revealed not a 
larger difference in the desired outputs – rice yield, water demand, and phenology, compared 
with the model simulation corresponding to the individual GCM. However, the increase or 
decrease in yield and water demand was affected by variation in precipitation and change in 
temperature. Even though the yield was observed to decrease with the worst-case scenario, the 
water demand was found little higher upto 2050s, compared to the other method of simulation. It 
suggests that high temperature will require more water for rice production. Furthermore, the 
















Suggestions for Future Study 
The current study contributes to the understanding of management strategies for 
improving the rice production, analysis of climate data before using in crop modeling 
application, and impact of climate change on rice production, water demand and phenology. This 
study also provides the insight into change in water demand for increasing the rice production by 
60% and effect of CO2 concentration on yield, water demand and phenology. The summary and 
conclusions of this study derive the areas need to be identified for future analysis: 
• More study needs to be conducted with other rice varieties. This study was conducted 
with a long-duration rice variety, Rajendra Mahsuri, cultivated by almost all farmers in 
Bihar. However, short duration or medium duration rice variety may be assessed based 
on for future studies. 
• Experimental data need to be collected on the effects of conservation agriculture and 
direct-seeded rice method on crop yield and water requirement. Such studies are currently 
being conducted in Bangladesh and Cambodia and should help in verifying model results. 
• Post-harvest loss prevention components can be modeled into the crop model to estimate 
the total loss occurring at each step of the post-harvest operations. 
• This study used Global Climate Model’s data. For future studies, the climate data of 
Regional climate models can be used to assess the impact of climate change on crop 
production and water demand. 
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• This study has used the experimental data of transplanting method of rice cultivation. 
However, the experimental data for System of Rice Intensification (SRI) method can also 
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Appendix A. Agro-climatic zones 
Table A.1. Description of Agro-climatic zones in Bihar. 
 Zone I (North West 
alluvial plains) 





(South Bihar alluvial 
plains) 

























2.28 1.15 0.25 
Gross cultivated 
area (mha) 
3.26  1.67  3.40 
Average rainfall 
(mm) 
1234 mm 1382 mm 1102 mm 
Soil properties 
Texture Sandy loam-Loam Sandy Loam-Clay 
loam 
Sandy loam-Loam 
with clay in some 
regions 
pH 6.5-9.5 6.5-7.8 6.5-8.0 





Appendix B. Additional results from Chapter 4 
Table B.1. Comparison between simulated and observed phenological occurrence and yield of Rajendra Mahsuri rice during 
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Table B.2. Comparison between simulated and observed phenological occurrence and yield of Rajendra Mahsuri rice during 





2011 2012 2013 2014 2015 












































































Table B.3. Effect of water stress during different growth phases on yield reduction as predicted by the model. 
Year Yield without water 
stress 
(kg/ha) 
Yield with water stress 
(kg/ha) 
  Vegetative phase Reproductive phase Maturity phase 
Yield 
(kg/ha) 
% reduction Yield (kg/ha) % reduction Yield 
(kg/ha) 
% reduction 
2011 5509 4274 22 2996 45 3667 33 
2012 5874 4235 28 3308 44 3945 33 
2013 5702 4094 28 3321 42 3655 36 
2014 5813 4657 20 3218 45 4126 29 
2015 5634 4352 23 3551 37 3715 34 













Appendix C. Additional results from Chapter 5. 
Table C.1. Mann-Kendall trend test for precipitation (2020-2059). 





















RCP 2.6 3.721 0.048 Yes -1.038 0.412 No -1.872 0.042 Yes -0.983 0.316 No 
RCP 4.5 7.623 0.326 No -0.925 0.215 No -1.743 0.043 Yes -1.559 0.041 Yes 
RCP 6.0  6.227 0.031 Yes -1.067 0.046 Yes 0.841 0.215 No -3.192 0.323 No 
RCP 8.5 9.810 0.005 Yes 1.723 0.265 No 3.483 0.118 No -0.824 0.275 No 












Table C.2. Mann-Kendall trend test for solar radiation (2020-2059). 














p-value Significance Sen’s 
slope 
p-value Significance 
RCP 2.6 -0.009 0.032 Yes 0.016 0.211 No -0.035 0.101 No -0.014 0.022 Yes 
RCP 4.5 -0.011 0.020 Yes 0.014 0.025 Yes -0.019 0.251 No 0.005 0.372 No 
RCP 6.0 -0.019 0.003 Yes -0.006 0.024 Yes -0.006 0.196 No 0.004 0.214 No 
RCP 8.5 -0.025 0.002 Yes -0.005 0.142 No -0.013 0.048 Yes -0.014 0.022 Yes 











Table C.3. Mann-Kendall trend test for maximum annual temperature (2020-2059). 
















p-value Significance Sen’s 
slope 
p-value Significance 
RCP 2.6 0.009 0.206 No 0.013 0.128 No 0.037 0.001 Yes 0.026 0.014 Yes 
RCP 4. 0.008 0.214 No 0.041 0.001 Yes 0.020 0.004 Yes 0.017 0.004 Yes 
RCP 6.0 0.013 0.029 Yes 0.046 0.001 Yes 0.022 0.027 Yes 0.019 0.005 Yes 
RCP 8.5 0.027 0.001 Yes 0.052 0.001 No 0.043 0.005 Yes 0.031 0.014 Yes 










Table C.4. Mann-Kendall trend test for minimum annual temperature (2020-2059). 























RCP 2.6 0.007 0.214 No 0.025 0.009 Yes 0.019 0.001 Yes 0.015 0.270 No 
RCP 4. 0.024 0.002 Yes 0.048 0.001 Yes 0.026 0.000 Yes 0.034 0.001 Yes 
RCP 6.0 0.021 0.014 Yes 0.035 0.012 Yes 0.023 0.003 Yes 0.025 0.000 Yes 
RCP 8.5 0.032 0.000 Yes 0.059 0.001 Yes 0.077 0.001 Yes 0.041 0.002 Yes 











Appendix D. Additional results from Chapter 6  
Table D.1. Selection of global climate models 





Beijing Climate Center (BCC), China 
Meteorological Administration 
(CMA), China 
2.8o × 2.8o 
Wu et al., (2013) 
0.8o × 1.0o) 
Wu et al., (2013) 
2012 
csiro_mk3_6.0 
Commonwealth Scientific and 
Industrial Research Organisation 
(CSIRO) and the Queensland 
Climate Change Centre of Excellence 
(QCCCE), Australia 
1.85o x 1.875o 
Gordon et al., 
2010; Rotstayn 
et al., 2012 
1.0o x 1.875o 




Institut Pierre-Simon Laplace, France 
1.27o x 2.5o 





Atmosphere and Ocean Research 
Institute (The University of Tokyo), 
National Institute for Environmental 
Studies, and Japan Agency for 
Marine-Earth Science and 
Technology, Japan 
1.4o x 1.4o 
Watanabe et al., 
2010 
0.8o x 1.4o 








Table D.2. Yield, water inputs, and CO2 concentration, with baseline period (1980-2004), current condition (2006-2015), and future 
climate conditions (2050s) with RCP 2.6 and RCP 4.5. 
Climate conditions Yield (kg/ha) Precipitation (mm) Irrigation (mm) Water demand (mm) CO2 concentration (ppm) 
Baseline (1980-2004) 5467 729 290 494 359 
Current condition 
(2006-2015) 
5580 742 288 512 390 
RCP 
2.6  
2020-2029 5590 797 271 519 421 
2030-2039 5423 763 274 485 436 
2040-2049 5302 730 270 488 441 
2050-2059 5306 779 281 490 443 
RCP 
4.5  
2020-2029 5760 865 254 523 464 
2030-2039 5574 814 275 508 447 
2040-2049 5667 869 252 510 473 





Table D.3. Yield, water inputs, and CO2 concentration, with RCP 6.0 and RCP 8.5. 
Climate conditions Yield 
(kg/ha) 




2020-2029 5591 800 274 504 456 
2030-2039 5239 734 278 482 438 
2040-2049 5277 809 273 485 462 
2050-2059 5247 844 257 474 492 
RCP 
8.5  
2020-2029 5624 759 285 501 435 
2030-2039 5665 820 266 509 466 
2040-2049 5542 774 277 496 511 







Appendix E Additional results from Chapter 7 
Table E.1. Yield, water inputs, and CO2 concentration, with baseline period (1980-2004) and future climate conditions (2020-2059) 
with RCP 2.6 and RCP 4.5, using an ensemble of GCMs simulation. 






CO2 concentration (ppm) 
Baseline (1980-2004) 5372 729 282 476 359 
RCP 
2.6  
2020-2029 5480 797 253 493 421 
2030-2039 5354 763 259 469 436 
2040-2049 5239 730 247 473 441 
2050-2059 5256 779 272 475 443 
RCP 
4.5  
2020-2029 5593 865 240 496 464 
2030-2039 5429 814 267 486 447 
2040-2049 5553 869 239 490 473 





Table E.2. Yield, water inputs, and CO2 concentration, with RCP 6.0 and RCP 8.5, using an ensemble of GCMs simulation. 
Climate conditions Yield 
(kg/ha) 




2020-2029 5474 800 265 483  456 
2030-2039 5187 734 269 469 438 
2040-2049 5217 809 266 472 462 
2050-2059 5170 844 245 463 492 
RCP 
8.5  
2020-2029 5499 759 271 483 435 
2030-2039 5556 820 254 493 466 
2040-2049 5439 774 262 480 511 
2050-2059 5040 834 236 452 567 
 
 
